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Predicting under-5 diarrhea outbreaks in Botswana: Understanding the relationships between 
environmental variability and diarrhea transmission 
 
Alexandra Krosnick Heaney 
 
Diarrhea is the second leading cause of death in children under-5; it kills more children 
than HIV/AIDS, measles, and malaria combined. Despite this significant health burden, our 
ability to anticipate and prepare for diarrhea outbreaks remains limited. Precipitation and 
temperature variability have been shown to affect diarrhea dynamics and therefore contribute to 
outbreak predictions, but the observed environment-diarrhea relationships are complex and 
context-specific, depending on local pathogen distribution, host population behavior, and 
physical environments. To date, studies in sub-Saharan Africa, where the burden of under-5 
diarrhea is particularly high, are limited due to sparse diarrheal disease surveillance data. In this 
dissertation, we leverage unique under-5 diarrhea incidence data to explore the effects of 
meteorological variability on childhood diarrhea incidence and develop a real-time forecasting 
system for diarrheal disease in Botswana, where diarrhea remains an important cause of 
childhood morbidity and mortality. The study focuses in Chobe District, which has an annual dry 
(April – September) and wet (October – March) season, during which the Chobe River, the 
primary source of drinking water in the region, floods. Weekly cases of under-5 diarrhea in 
Chobe District exhibit strong seasonal dynamics with biannual outbreaks occurring during the 
wet and the dry season. In Chapter 1, we show that wet season diarrhea incidence is strongly 
   
associated with increased rainfall and Escherichia coli concentrations in the Chobe River, while 
dry season incidence is associated with declines in Chobe River flood height and increased total 
suspended solids in the river. In Chapter 2, we confirm the existence of an El Niño-Southern 
Oscillation teleconnection with southern Africa by demonstrating that La Niña conditions are 
associated with cooler temperatures, increased rainfall, and higher flooding in Chobe District 
during the wet season. In turn, we show that La Niña conditions lagged 0-5 months are 
associated with higher than average incidence of under-5 diarrhea in the early wet season 
(December – February). In Chapter 4, we develop and test an epidemiological forecast model for 
childhood diarrheal disease in Chobe District. The prediction system uses a compartmental 
susceptible-infected-recovered-susceptible (SIRS) model coupled with Bayesian data 
assimilation to infer relevant epidemiological parameter values and generate retrospective 
forecasts. The model system accurately forecasts diarrhea outbreaks up to six weeks before the 
predicted peak of the outbreak, and prediction accuracy increases over the progression of the 
outbreak. Many forecasts generated by the model system are more accurate than predictions 
made using only historical data trends. This dissertation work is an important step forward in our 
understanding of the links between proximal and distal climatic variability and childhood 
diarrhea in arid regions of sub-Saharan Africa. Furthermore, it advances methods for generating 
accurate long-term and short-term forecasts of under-5 diarrhea. We demonstrates the potential 
use of ENSO data, which are publicly available, to prepare for and mitigate diarrheal disease 
outbreaks in a low-resource setting up to 5 months in advance, and develop a model-inference 
system that can generate accurate predictions during an outbreak. Deaths caused by diarrhea are 
preventable using low-cost treatments. Hence, accurate predictions of diarrhea outbreak 
   
magnitudes could help healthcare providers and public health officials prepare for and mitigate 
the significant morbidity and mortality resulting from diarrhea outbreaks.  
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Childhood diarrhea  
Diarrhea is the second leading cause of death in children younger than 5 years of age 
worldwide; it kills more children than HIV/AIDS, measles, and malaria combined (World Health 
Organization 2015). In 2015, diarrhea caused an estimated 526,000 deaths in children under 5, 
making up 8-10% of the total under-5 deaths that year (Troeger et al. 2017). Rates of under-5 
diarrhea in sub-Saharan Africa are particularly high, with an estimated incidence of 3.3 episodes 
of diarrheal disease per child each year, and 11% of under-5 mortality caused by diarrhea 
(Walker et al. 2012; Walker et al. 2013).  
This dissertation focuses on diarrheal disease in children under 5 in Botswana. Botswana 
is a politically stable, middle-income country in Southern Africa whose government has invested 
in free healthcare and piped water for its citizens. However, the country still experiences 
  2 
biannual outbreaks of diarrheal disease that result in under-5 morbidity and case fatality rates as 
high as 30% and 20%, respectively (Alexander et al. 2013; Botswana 2009).  
 
Chronic effects of diarrheal disease 
In addition to its effects on under-5 mortality, diarrhea has chronic effects on children’s 
health due to a vicious feedback between enteric infections and malnutrition (Guerrant et al. 
2014). Studies in the 1950s-60s showed that repeated diarrheal illnesses were associated with 
poor nutrition in children and suggested that this was a result of limited calorie intake and diet 
changes during diarrhea episodes (Scrimshaw et al. 1968). Extensive work since then has 
confirmed the link between enteric infections and malnutrition, but have found that the 
mechanism is more complex than transient, lowered calorie intake. Enteric infections lead to 
“environmental enteropathy” in children, a condition characterized by intestinal permeability, 
malabsorption, and impaired immune functioning, which can persist long after an infection is 
cleared (Goto et al. 2009; Korpe and Petri 2012; Lunn et al. 1991). Thus, there exists a 
dangerous feedback cycle between enteric infections and malnutrition in children. Children 
living in areas with poor sanitation and hygiene experience repeated infections that cause 
diarrhea, leading to enteropathy, malnutrition, and intestinal malabsorption, which then weaken 
the immune system and increase susceptibility to future infection.  
Enteric infections in childhood, through their effects on chronic malnutrition and 
enteropathy, have been shown to greatly decrease productivity and general health in adulthood. 
Malnutrition causes stunted growth and impaired cognitive development in children, which then 
lead to lower education and economic productivity (Victora et al. 2008). Furthermore, enteric 
  3 
infections early in life may increase the risk of obesity, type 2 diabetes, metabolic syndrome and 
cardiovascular disease later in life (Guerrant et al. 2014). 
 
Childhood diarrhea in Botswana 
Botswana has two outbreaks of diarrhea per year on average, with peaks in the wet 
season (March) and dry season (October) (Alexander et al. 2013). Diarrhea morbidity and 
mortality in Botswana are highest among children younger than one and are commonly 
associated with moderate or severe malnutrition (Anne Alexander et al. 2012; Creek et al. 2010; 
Mach et al. 2009; Popoola and McHunu 2015; Shapiro et al. 2007; E. M. Urio et al. 2001; 
Yallapu et al. 2012). Studies in Botswana have shown that high risk for diarrhea in children is 
associated with lack of hand washing (Arvelo et al. 2010), use of pit latrines (Alexander and 
Blackburn 2013; Creek et al. 2010), poor overall hygiene (Kaltenthaler and Drasar 1996), and 
use of river water (not boiled) for drinking and domestic tasks (Tubatsi et al. 2015).  
Etiology. Diarrhea is a syndrome caused by many viruses, bacteria, and parasites that 
each have unique spatio-temporal dynamics. Several studies have attempted to characterize the 
etiologic agents of diarrhea in Botswana, but the results have been inconsistent and limited by 
small sample sizes, heterogeneous study populations, and differing sampling methodologies. 
Three studies have isolated Shigella and Salmonella bacteria from stool samples of children with 
diarrhea, but the estimated prevalences ranged from 4-20% and 3.5-38% for Shigella and 
Salmonella, respectively (Creek et al. 2010; Rowe et al. 2010; E M Urio et al. 2001). The 
parasites most commonly isolated from stool samples of children with diarrhea in Botswana are 
Cryptosporidium and Giardia lamblia, but prevalence estimates range from 2-60% and 1-10%, 
respectively (Anne Alexander et al. 2012; Creek et al. 2010; Goldfarb et al. 2014; Rowe et al. 
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2010). Norovirus and rotavirus, the most common viral causes of diarrhea globally (Glass et al. 
2009; Parashar et al. 2003), have been detected in stool samples from children with diarrhea in 
Botswana, but their estimated prevalences were also inconsistent (Basu et al. 2003; Creek et al. 
2010; Yallapu et al. 2012).  
Maternal HIV, breastfeeding, and childhood diarrhea. Children in Botswana are at 
particularly high risk for diarrhea due to low rates of breastfeeding. Botswana has the third 
highest national prevalence of HIV (~20%), and HIV prevalence among pregnant women is 
estimated to be 32% (Slogrove et al. 2018; Wang et al. 2016). Botswana’s Department of Health 
recommends that HIV-positive mothers do not breastfeed their infants to reduce the risk of 
mother-to-child HIV transmission (Arvelo et al. 2010). As a result, a high proportion of women 
(both HIV-positive and HIV-negative) choose to feed their infants formula instead of breast 
milk. Mach et al. (2009) reported that less than 1% of HIV-positive mothers breastfed their child 
in Botswana, and that only 47% of HIV-negative mothers breastfed.  
Breastfeeding has been shown to lower the incidence of childhood diarrhea in Botswana 
and globally (Arvelo et al. 2010; Creek et al. 2010; Mach et al. 2009; Shapiro et al. 2007; Victora 
and Barros 2000). Unlike breast milk, infant formula does not provide immunological support, 
and can increase an infant’s exposure to diarrhea-causing pathogens when made using dirty 
water (Victora and Barros 2000). In Botswana, infants of HIV-positive mothers have a higher 
risk for diarrhea than infants of HIV-negative mothers (Creek et al. 2010; Mach et al. 2009). 




  5 
Environmental drivers of diarrheal disease 
The first chapter of this dissertation investigates the associations between environmental 
variability and under-5 diarrhea in Botswana. Diarrheal diseases are most commonly transmitted 
via waterborne pathways, and are therefore greatly affected by environmental factors such as 
rainfall, temperature, and water availability. Environment-diarrhea relationships have been 
widely studied (described below and summarized in Figure 1), but few studies have been 
conducted in sub-Saharan Africa to date (Levy, 2016). Environment-diarrhea relationships are 
dependent on, and modified by, local pathogen dynamics, water and sanitation infrastructure, 
host susceptibility, and the community’s ability to respond to stress. Hence, more work is needed 
to understand how environmental variability affects under-5 diarrhea in sub-Saharan Africa. The 
existing literature linking precipitation, drought, temperature, and El Niño-Southern Oscillation 
to diarrheal disease is summarized below, and Figure 1 diagrams the possible mechanisms 
through which these environmental variables influence diarrhea incidence.  
Heavy precipitation. A positive association between extreme rainfall events and diarrhea 
has been found in Bangladesh (Wu et al. 2014), China (Li et al. 2015), Taiwan (Chou et al. 
2010), Canada (Harper et al. 2011), and the United States (Curriero et al. 2001). Several studies 
have specifically shown that extreme rainfall events following dry periods are associated with 
increases in diarrhea (Adkins et al. 1987; Carlton et al. 2014; Effler et al. 2001; Levy et al. 2016; 
Vogt et al. 1982; Yamamoto et al. 2000), while other works found heightened diarrhea risk 
during or after flood events  and a positive association between diarrhea and contact with flood 
waters (Campanella 1999; Campbell-Lendrum and Woodruff 2006; Chhotray et al. 2002; Harris 
et al. 2008; Hashizume et al. 2007; Levy et al. 2016; Reacher et al. 2004; Schwartz et al. 2006; 
Vollaard et al. 2004).  
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Heavy rainfall and floods are hypothesized to increase the incidence of diarrheal disease 
by flushing fecal contaminants from pastures and dwellings into water supplies, i.e. the runoff 
effect (Coffey et al. 2018). In addition, high rainfall events can damage improved water 
infrastructure, leading to contamination of drinking water. Rainfall also increases turbidity levels 
of water sources, which lowers the effectiveness of water treatment infrastructure (Levy et al. 
2016). Conversely, a study in Ecuador found that heavy rainfall after a wet period was protective 
against diarrhea (Carlton et al. 2014), which may be due to dilution of diarrhea causing 
pathogens in water supplies. 
Drought. Increases in diarrheal disease have also been associated with periods of low 
rainfall and drought (Alexander and Blackburn 2013; Hashizume et al. 2007; Levy et al. 2016; 
Moors et al. 2013; Singh et al. 2001). Sparse rainfall can lead to an overall scarcity of  
water, which may enhance the transmission of zoonotic pathogens from animal hosts to humans, 
particularly when animals and humans converge to the same limited water resources (Alexander 
et al. 2013; Levy et al. 2016). Limited water availability can also diminish the use of water for 
hygienic purposes  or increase the abundance of mechanical vector populations (e.g. house flies) 
(Alexander et al. 2013; Coffey et al. 2018; Tucker et al. 2014). Lastly, lower surface water levels 
can concentrate pathogens within the water, resulting in a higher probability of infection if the 
water is consumed, i.e. the concentration effect (Moors et al. 2013). 
  7 
Figure 1. Possible mechanisms explaining environment-diarrhea associations.  
 
Temperature. Numerous epidemiologic studies have also correlated ambient temperature 
with diarrhea incidence. A recent systematic review and meta-analysis showed a 7% increase in 
all-cause diarrheal disease per degree Celsius increase (Carlton et al. 2015). Estimates from 
individual studies in Peru (Checkley et al. 2000), Fiji (Singh et al. 2001), Bangladesh 
(Hashizume et al. 2007), Japan (Onozuka and Hashizume 2011), and Taiwan (Chou et al. 2010) 
ranged from a 1%-11% increase in all-cause diarrhea per degree Celsius. High temperatures may 
promote diarrheal disease transmission by encouraging consumption of contaminated water 
(Chou et al. 2010; Xu et al. 2012), or by enhancing evaporation rates, which dries surface water 
resources and therefore concentrates pathogens within remaining surface waters (Levy et al. 
2016; Moors et al. 2013). High temperatures have also been shown to promote the expression of 
virulence genes in several bacteria species including Shigella spp. (Konkel and Tilly 2000; 
Shapiro and Cowen 2012).  
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Notably, the effect of ambient temperature on diarrheal disease differs based on the 
causal pathogen. Increases in temperature have a positive association with bacterial diarrhea, but 
a negative association with viral diarrhea (Al Ibrahim et al. 2010; Levy et al. 2016). Higher 
temperatures increase environmental replication rates and favor transmission of bacterial 
pathogens, whereas virus survival and transmission is optimal at lower temperatures (D'Souza et 
al. 2008; Moe and Shirley 1982).  
 
Diarrhea seasonality 
 Seasonal trends in diarrhea incidence are highly variable because they depend on local 
climate and relative predominance of diarrhea-causing pathogens. Most existing work has 
focused on the seasonality of rotavirus, which generally peaks in colder and drier times of year 
across both temperate and tropical regions (Levy et al. 2009; Jagai et al. 2012). Stronger 
rotavirus seasonality has been observed in countries at higher latitudes compared to those near 
the equator, and more developed countries were found to have stronger rotavirus seasonal 
patterns when controlling for latitude, rainfall, temperature, and population density (Patel et al 
2013). Norovirus outbreaks similarly occur most often in the cooler winter months across 
temperate and tropical regions (Ahmed et al. 2013).  
Seasonal trends of diarrhea-causing bacteria and parasites are less well established, but 
some studies suggest that diarrhea-causing bacteria and parasites are most prevalent during wet 
and warm periods of the year. A global meta-analysis demonstrated that precipitation is an 
important driver of cryptosporidium infections in tropical regions, while increases in temperature 
are associated with peaks of cryptosporidiosis in temperate regions (Jagai, 2009). Similarly, 
enteric infections caused by Shigella and Salmonella spp. were found to peak during warmer and 
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wetter months (Kelly-Hope et al. 2008) and cholera outbreaks generally occur during seasons 
with increased rainfall, flooding, and temperatures (Emch et al. 2008). 
In Botswana, there are two annual peaks of diarrhea incidence across all age groups in the 
wet season (March) and the dry season (October) (Alexander et al. 2013). Basu et al. showed that 
rotavirus incidence in children with diarrhea in Botswana was highest during the cool dry winter 
season (June – August) (Basu et al. 2003), but the seasonality of other etiological agents in 
Botswana remains uncharacterized. 
 
El Niño-Southern Oscillation and infectious disease  
El Niño and La Niña, phases of the El Niño-Southern Oscillation (ENSO), are periodic 
departures from average sea surface temperatures (SSTs) in the central equatorial Pacific Ocean. 
ENSO has a 3-7 year period of oscillation between El Niño events, i.e. warmer than normal 
ocean SSTs, and La Niña events, i.e. cooler than normal ocean SSTs. These SST deviations 
affect weather patterns around the world by influencing high and low pressure systems, winds, 
and precipitation. These connections between ENSO and local meteorological are termed 
“teleconnections”, and Figure 2 illustrates established teleconnections around the world and 
across difference seasons. Botswana specifically experiences severe drought during El Niño 
events, and increased wet season rainfall during La Niña events (Figure 2A and 2B) (Nicholson 
et al. 2001). 
ENSO variability, through its impact on local meteorological conditions, influences 
infectious disease dynamics around the world. Specifically, malaria and dengue have been found 
to respond to ENSO variability due to the climate sensitivity of mosquito vectors and pathogen 
development (McGregor and Ebi 2018). El Niño conditions were linked to malaria epidemics in 
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Tanzania (Jones et al. 2007) and Ethiopia (Bouma et al. 2011), where El Niño is associated with 
anomalously warm and wet conditions. In contrast, La Niña events were found to increase 
malaria risk across southern Africa because La Niña is associated with anomalously high rainfall 
across the region (Zubair et al. 2008). Heightened dengue risk has been associated with El Niño 
conditions in China (Xiao et al. 2018), Bangladesh (Banu et al. 2014), Singapore (Earnest et al. 
2012), Australia (Hu et al. 2010), and Mexico (Ferreira 2014), which are all regions with 
established ENSO teleconnections (Figure 2).  
 
Figure 2. The impacts of ENSO on meteorology (i.e. ENSO teleconnections) around the 
world. Teleconnections are shown for El Niño events during (A) December – February and (C) 
June – August. Teleconnections for La Niña events are shown during (B) December – 
February and (D) June – August. This figure was adapted from McGregor and Ebi, 2018.  
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While the impacts of meteorological variability on diarrhea have been widely studied 
(described above), little work has investigated the relationships between ENSO and diarrhea. 
Strong El Niño events have been linked to diarrhea outbreaks in Peru, Bangladesh, and China 
(Bennett et al. 2012; Checkley et al. 2000; Pascual et al. 2000; Rodo et al. 2002; Salazar-Lindo et 
al. 1997; Zhang et al. 2007). However, studies of the effects of ENSO on diarrheal disease in 
Africa have been limited to cholera (McGregor and Ebi 2018). Moore et al. (2007) showed a 
geographic shift in cholera incidence from Madagascar and West Africa to East Africa in 
response to El Niño events (Moore et al. 2017). Higher cholera incidence in this analysis was 
observed in regions with increased and decreased rainfall, highlighting the complex and 
heterogenous relationships between ENSO and cholera transmission. El Niño was also linked to 
increased cholera cases in Uganda and the Great Lakes Region of East Africa (Alajo et al. 2006; 
Nkoko et al. 2011). While cholera is an important cause of diarrhea, a recent meta-analysis 
showed that it causes less than 0.5% of childhood diarrhea in Africa (Lanata et al. 2013). Hence, 
more work is needed to understand the effects of ENSO on all-cause diarrhea in Africa.  
The second chapter in this dissertation investigates the impacts of ENSO on under-5 
diarrhea in Botswana, and uses the identified associations to predict under-5 diarrhea. ENSO 
conditions are predictable at three to nine month lag times (Barnett et al. 1988), and information 
on current and future ENSO conditions is readily available through several online portals, 
including the National Oceanic and Atmospheric Association (NOAA) Climate Prediction 
Center (NOAA 2019). Hence, connections between ENSO and childhood diarrhea present a 
unique opportunity to generate diarrhea predictions at long lead times in resource-poor settings 
with limited diarrhea or meteorological surveillance.  
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Impacts of climate change on childhood diarrhea 
Climate change is linked to the spread and emergence of infectious diseases around the 
world (Altizer et al. 2013; Patz et al. 1996). Indeed, the Intergovernmental Panel on Climate 
Change (IPCC) states that continued progression of climate change will very likely increase the 
risk of food- and water-borne diseases by mid-century (IPCC 2014), but limited work has 
directly explored the possible impacts of climate change on diarrheal disease (Levy et al. 2018). 
Climate change projections suggest that Botswana will become progressively hotter and drier 
(Niang et al. 2014). Between 1926 and 2011, rainfall decreased in Botswana by an average of 
0.861 mm/year (Moalafhi et al. 2012), which has led to a significant decrease in river flow 
throughout the country. To understand how climate change may influence childhood diarrhea in 
Botswana, we must first gain a better understanding of the links between meteorology and 
diarrheal disease in this region. The results from this dissertation will elucidate the connections 
between environmental change and childhood diarrhea in Botswana, which will inform future 
work on the impacts of climate change on diarrhea in this region.  
 
Need for diarrhea predictions  
Despite the significant burden of diarrhea globally and in Botswana, our ability to predict 
and mitigate outbreaks remains limited. Reliable predictions of under-5 diarrhea could greatly 
help officials anticipate, respond to, and mitigate childhood diarrhea outbreaks. For example, 
such information could help inform vaccine distribution, hospital and clinic staffing, and the 
management of healthcare supplies and beds in anticipation of patient surges.  
In the third chapter of this dissertation, we develop and test a short-term (0-10 week) 
forecasting system for under-5 diarrhea in Botswana. The system generates predictions of future 
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disease incidence, as well as key epidemiological events, including peak timing, peak intensity, 
and overall attack rates. The model framework underlying the forecasting system accounts for 
the temporal dynamics of disease transmission and is coupled with a Bayesian inference, or data 
assimilation, algorithm that adjusts model state variables and parameters to optimal values using 
time series observations of diarrhea incidence. Similar model-inference frameworks have been 
successfully used to estimate critical epidemiological parameters and generate real-time forecasts 
for human influenza (Dukic et al. 2012; Ong et al. 2010; Shaman et al. 2013), Ebola (Shaman et 
al. 2014), West Nile virus (DeFelice et al. 2017) and Dengue (van Panhuis et al. 2014), but have 
not yet been applied to diarrheal disease.  
In 2006, Botswana experienced a diarrhea outbreak that resulted in a four-fold increase in 
the number of diarrhea cases among young children, and 25% more diarrheal deaths than in the 
previous two years (Mach et al. 2009). Hospitals and clinics in Botswana have limited resources 
and are understaffed, and therefore have little ability to prospectively investigate outbreak 
dynamics (Alexander and Blackburn 2013). As a result, the Botswana Ministry of Health 
detected and announced the occurrence of the 2016 outbreak a month after it began and had no 
projections of the outbreak trajectory, leaving hospitals and clinics unprepared for its magnitude.  
Limited resources, understaffing, and poor prospective planning are common to many 
developing countries. Given the large burden of under-5 diarrhea, developing prediction systems 
for diarrheal disease could provide critical information to help mitigate the impact of such 
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Study setting: Chobe District, Botswana 
 All studies in this dissertation focus on Chobe District, Botswana (Figure 3). Botswana 
has a subtropical climate with annual wet (November-March) and dry (April-October) seasons. 
Chobe district, located in the northeastern region of Botswana, has a population of approximately 
25,000 people (Central Statistics Office of Botswana, 2011) and encompasses Chobe National 
Park, which provides habitat for a plethora of wildlife, including the largest elephant population 
in Africa. The Chobe River floodplain system, located along the northern border of Chobe 
District, is the only perrenial surface water in the region and is the the primary source of drinking 
water in the district. The river is part of the Zambezi River Basin and is fed by the Cuando River 
system in the Angolan highlands. Chobe River floods annually during the late wet season/early 
dry season (March) due to increased local and upstream rainfall. 
The Botswana Integrated Disease Surveillance and Response (IDSR) Program collects 
data detailing the weekly number of children under five presenting with diarrhea at health 
facilities. Chobe District contains 16 health facilities: one primary hospital, three clinics, and 12 
health posts (Alexander and Blackburn 2013). In this dissertation, we use weekly diarrhea 
incidence reports from 11 of the 16 healthcare facilities in Chobe District from January 2007 – 
June 2017. In these records, a diarrhea case was defined as the occurrence of at least three loose 
stools in a 24-hour period within the four days preceding the health visit. These data were 
collected and provided by Dr. Kathleen Alexander, who has been studying wildlife and 
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Figure 3. Map of the study region in Chobe District, Botswana. Chobe District is located in the 
northeastern region of Botswana, and is situated at the southern edge of the Zambezi River Basin 
(inset). A majority of people in the district reside in or near Kasane along the Chobe River, 




 This dissertation aims to understand the relationships between climate and under-5 
diarrhea, and to generate accurate predictions of under-5 diarrhea in Chobe District, Botswana.  
 Chapter 1 presents an examination of the associations between environmental variability, 
water quality, and under-5 diarrhea incidence. Using multimodel inference, we model the 
relationships between temperature, rainfall, and Chobe River height and under-5 diarrhea in both 
the wet and dry seasons. We also investigate how environmental variability influences Chobe 
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River water quality, and how changes in water quality impact under-5 diarrhea incidence. The 
resulting models are then used to generate retrospective predictions of annual attack rates in both 
seasons.  
 Chapter 2 presents a study of how ENSO affects local meteorological conditions and 
under-5 diarrhea incidence in Chobe District. We investigate relationships between a monthly 
ENSO index, environmental conditions, and under-5 diarrhea across seasons and years. We aim 
to generate accurate prediction of under-5 diarrhea in Chobe District at long (>2 month) lead 
times. 
 In Chapter 3, we move away from environmental drivers of diarrhea, and instead develop 
a model system capable of generating accurate short-term (0-10 weeks) forecasts of under-5 
diarrhea. We develop a model-inference system that combines a susceptible-infected-recovered-
susceptible (SIRS) mathematical model with data assimilation methods in order to infer 
important epidemiological parameters and generate retrospective ensemble forecasts of under-5 
diarrhea outbreaks. This model has demonstrable accuracy and provides an initial framework for 
supporting real-time forecasting of under-5 diarrhea.  
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Abstract 
Background: Diarrhea is the second leading cause of death in children under 5 years of age, and 
rates of under-5 diarrhea in Africa are particularly high. Hydrometeorological variables, such as 
temperature, rainfall, and flooding, have been shown to affect diarrhea dynamics, but the 
observed environment-diarrhea relationships are complex and context-specific. Studies linking 
hydrometeorology to under-5 diarrhea in sub-Saharan Africa are sparse due to scant diarrheal 
disease surveillance data. Here, we leverage unique under-5 diarrhea incidence reports to 
investigate the impacts of meteorology, flooding, and river water quality on under-5 diarrhea 
infection rates in Chobe District, Botswana.   
Methods: We used multimodel inference and negative binominal generalized linear models to 
assess the associations of Chobe River flooding, Chobe River water quality (bimonthly counts of 
Escherichia coli [E. coli] and total suspended solids [TSS], 2011–2017), and meteorological 
variability with weekly case reports of under-5 diarrhea in Chobe District, Botswana (January 
2007–June 2017).  
Findings: We identified a strong seasonal pattern, with two outbreaks occurring regularly in the 
wet and dry seasons. The number of diarrhea cases was greater, on average, during the dry 
season than the wet season. In the wet season, a 10-mm increase in rainfall (8-week lag) was 
associated with a 6.5% increase in the number of under-5 diarrhea cases. Rainfall, minimum 
temperature, and river height were predictive of E. coli concentrations, and increases in E. coli in 
Chobe River were positively associated with under-5 diarrhea incidence. In the dry season, a 1-
meter drop in Chobe River height was associated with a 16.7% and 16.1% increase in under-5 
diarrhea incidence at 1- and 4-week lags, respectively. As Chobe River height receded, TSS 
levels increased and were positively associated with under-5 diarrheal incidence.  
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Conclusions: In floodplain systems, hydrology and water quality dynamics can be highly 
variable, potentially impacting conventional water treatment facilities and the production of safe 
drinking water. In southern Africa, climate change is predicted to intensify hydrological 
variability and the frequency of extreme weather events, amplifying the public health threat of 
waterborne disease in surface-water-dependent populations. Water sector development should be 
prioritized with urgency, incorporating technologies that are robust to local environmental 
conditions. As annual flood pulse processes are influenced by climate controls in local and 
distant regions, local hydrometeorology may be inadequate to refine predictions of climate—
health interactions in these systems. 
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Introduction 
Diarrhea is the second leading cause of death in children under 5 years of age; it kills 
more children than HIV/AIDS, measles, and malaria combined (WHO 2015). Rates of under-5 
diarrhea in Africa are particularly high, with an estimated incidence of 3.3 episodes of diarrhea 
per child each year, and 25% of overall under-5 mortality attributable to diarrhea (Walker et al. 
2012; Walker et al. 2013). In 2015, diarrheal disease was estimated to cause a total of 1.31 
million premature deaths (GBD 2017). Of these, nearly half a million deaths occurred in children 
under 5, with the greatest burden of disease focused in sub-Saharan Africa and South Asia (GBD 
2015; Liu et al. 2016). In addition to premature mortality, diarrheal disease in children can have 
lasting life-course effects, such as stunting and cognitive deficiencies (Guerrant et al. 2014; 
Korpe and Petri 2012). Hydrometeorological variability is an important determinant of diarrheal 
disease dynamics because diarrhea-causing pathogens (viruses, bacteria, and protozoa) are 
primarily transmitted via waterborne pathways (Levy et al. 2016). While existing literature has 
investigated these relationships around the world, there has been limited study in Africa where 
the burden of disease is greatest.  
Increased diarrhea incidence has been linked to both acute high rainfall and periods of 
low rainfall or drought. A positive association between high rainfall and diarrhea has been 
observed in Bangladesh (Wu et al. 2014), China (Li et al. 2015; Ni et al. 2014), Taiwan (Chou et 
al. 2010), Canada (Harper et al. 2011), and the United States (Curriero et al. 2001). Acute high 
rainfall events are hypothesized to increase the incidence of diarrheal disease by flushing fecal 
contaminants from pastures and dwellings into water supplies, i.e., the runoff effect (Coffey et al. 
2018). In addition, high rainfall events can damage improved water infrastructure, leading to 
contamination of drinking water. Increases in diarrheal disease have also been associated with 
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periods of low rainfall or drought (Alexander et al. 2013; Hashizume et al. 2007; Moors et al. 
2013; Singh et al. 2001). Sparse rainfall can lead to overall water scarcity, which may enhance 
the transmission of zoonotic pathogens from animal hosts to humans, particularly when animals 
and humans converge to the same limited water resources (Levy et al. 2016). Lower surface 
water levels can also concentrate pathogens within the water, resulting in a higher probability of 
infection if the water is consumed, i.e., the concentration effect (Moors et al. 2013).  
Numerous epidemiologic studies have related ambient temperature to diarrhea incidence. 
A recent systematic review and meta-analysis showed a 7% increase in all-cause diarrheal 
disease per degree Celsius increase (Al Ibrahim et al. 2010). Estimates from individual studies in 
Peru (Checkley et al. 2000), Fiji (Singh et al. 2001), Bangladesh (Hashizume et al. 2007), Japan 
(Onozuka and Hashizume 2011), and Taiwan (Chou et al. 2010) ranged from a 1%-11% increase 
in all-cause diarrhea per degree Celsius. High temperatures may promote diarrheal disease 
transmission by stimulating consumption of contaminated water (Chou et al. 2010; Xu et al. 
2012) or by enhancing evaporation rates, which dries surface water resources and therefore 
concentrates pathogens within remaining surface waters (Moors et al. 2013). Previous studies 
have observed that the effect of ambient temperature on diarrheal disease differs based on the 
causal pathogen (Al Ibrahim et al. 2010). High temperatures increase environmental replication 
rates and favor transmission of bacterial pathogens, whereas enterovirus survival and 
transmission is optimal at low temperatures (D'Souza et al. 2008; Moe and Shirley 1982). 
This study investigated the relationships between environmental variables, water quality, 
and under-5 diarrheal disease incidence in Chobe District, Botswana – a  politically stable, 
middle-income country in southern Africa whose government has invested in free healthcare and 
piped water for its citizens. However, despite these healthcare provisions, the country still 
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experiences seasonal outbreaks of diarrheal disease that result in under-5 morbidity and case 
fatality rates as high as 30% and 12%, respectively (Enane et al. 2016; Yallapu et al. 2012). 
Outbreaks occur in both the wet and dry seasons, and incidence rates are highest for children 
younger than one year (Alexander et al. 2013; Anne Alexander et al. 2012; Creek et al. 2010; 
Mach et al. 2009; Popoola and McHunu 2015; Shapiro et al. 2007; Urio et al. 2001; Yallapu et 
al. 2012).  
 Chobe District is a hydrologically dynamic region that experiences annual droughts and 
floods. The area is home to about 25,000 people and a plethora of wildlife that all exclusively 
obtain drinking water from the Chobe River. The region is a flood pulse system that has a 
predictable annual advance of floodwaters onto surrounding floodplains (October – March) and 
retraction back into the river channel with flood recession (March – September), linking aquatic 
and terrestrial landscapes and microbial communities. This hydrological variability, along with 
the yearly outbreaks of childhood diarrhea, makes Chobe District an ideal site to study the 
interactions between climate, water quality, and under-5 diarrhea. In this study, we (1) estimated 
the associations of temperature, rainfall, and local river height on under-5 diarrhea incidence 
rates and river water quality variables, and (2) investigated the relationship between river water 
quality and under-5 diarrheal disease in this region.  
 
Methods 
We used multimodel inference to analyze the relationships between hydrometeorology, 
water quality, and under-5 diarrhea variables, which allowed quantification of model uncertainty 
among different candidate models and unconditional inference across those different models 
(Burnham and Anderson 2003). These methods permit inference of important predictor 
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variables, estimation of the average effects of predictor variables on an outcome, and generation 
of multimodel weighted averaged predictions of that outcome. 
 
Study context 
Botswana is a semiarid, landlocked country in Southern Africa. The country has a 
subtropical climate with annual wet (November – March) and dry (April – October) seasons. 
Intra- and inter-annual precipitation variability is high, resulting in frequent droughts and 
flooding. This study focuses on Chobe District, located in the northeastern part of Botswana 
(Figure 1). The Chobe River floodplain system, which is the primary source of water for the 
district, floods annually, with the peak flood height occurring in the late wet season/early dry 
season (March). The district contains 1 primary hospital, 3 private clinics, and 12 government 
health clinics that serve a total population of approximately 25,000 people (Central Statistics 
Office of Botswana, 2011). Medical services are provided by the government, with patients 
paying a nominal fee for health services. Chobe District is also home to the Chobe National Park, 
which provides an important habitat for the largest elephant population in Africa, as well as an 
abundance of other wildlife species (Figure 1). 
The Chobe River supplies all domestic water needs for residents of Chobe District, 
providing a unique environment to assess the impact of surface water dynamics on the health of 
dependent populations. Water is pumped from the river into a conventional water treatment plant 
and then distributed through direct reticulation to households (private outdoor and indoor taps) or 
to public taps (Jobbins et al. 2014). Turbidity and pH are measured manually and used to 
determine the amount of coagulant that is automatically deployed over time in the water 
treatment process. The majority of households have access to improved sanitation, with only 
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14% of households reporting lack of access in a recent survey of 3 of the study villages, most 
frequently due to pit latrines being at capacity (Alexander and Godrej 2015).  
 
 
Figure 1. The study site in northern Botswana in Southern Africa. The Chobe River (blue line) is 
a transboundary waterway and 1 of only 3 perennial sources of water within Botswana, with 
water flow (light blue arrow) moving from the national park towards the urban areas, where the 
water treatment facility is located (blue X). Water quality samples were collected biweekly at 
established transect points (black triangles). Surface waters are abstracted to produce drinking 
water through centralized water treatment facilities and distributed to the population. Circles 
represent buildings color coded by the type of infrastructure (agricultural, commercial, 
residential, or tourism related; see legend). In this system, annual floods are driven by distant and 
regional wet season precipitation, with the largest input arising from floodwaters that occur in 
association with tropical rains in the upper watersheds of the Zambian and Angolan Highlands 
(inset, northern aspect of the Cuando-Chobe River Basin). The peak of the flood pulse arrives in 
the Chobe River at the end of the wet season/beginning of the dry season, after traversing more 
than 1,000 km from the highland areas. 
 
  33 
Time series data 
Hydrometeorological data. Meteorological data were acquired from the Department of 
Meteorological Services under the Ministry of Environment, Natural Resources Conservation 
and Tourism. Measurements from all sites were averaged to produce daily estimates of 
temperature and rainfall in Chobe District. The Department of Water Affairs provided daily 
measurements of the Chobe River height. All hydrometeorological variables were aggregated to 
a weekly resolution and span January 2007 – June 2017. 
Water quality assessments. Water grab samples were collected bimonthly from 
established transect sites (n  = 14 sampling points, July 2011 – July 2017; Figure 1) located at 1-
km intervals along the Chobe River before the water intake stations for the community. Land use 
along this reach of the river consisted of protected area and urban land use. Water quality 
assessments were conducted to estimate in-river concentrations of E. coli and total suspended 
solids (TSS), as previously described (Fox and Alexander 2015). 
Under-5 diarrhea case reports. Diarrhea case reports were obtained for the study from 
10 health facilities (9 government health clinics and 1 primary hospital) through a passive 
surveillance system operated under the Botswana Ministry of Health (MoH). Under-5 diarrhea 
case data were acquired from the Integrated Disease Surveillance and Response (IDSR) program 
(January 2007 – June 2017), which collates weekly numbers of under-5 diarrhea cases presenting 
to district health facilities (Table 1).  A diarrhea case was defined as the occurrence of at least 3 
loose stools in a 24-hour period within the 4 days preceding the health facility visit. Data from 
the clinic in the village Pandamatenga were excluded because residents in this village obtained 
water from boreholes and were expected to have different exposure to surface water resources 
than other villages and towns in the district. Diagnoses were categorized according to the 
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International Classification of Diseases–10th Revision (ICD-10). Case data represent summary 
clinical diagnoses of attending physicians or nurses in government health facilities and were not 
associated with any clinical diagnostic information. All data periods, types, and spatial 
resolutions are provided in Table 1. 
 
Table 1. Data type and resolution used in the analysis. 
 
 
Correcting for missing under-5 diarrhea data 
In the IDSR record, missing data existed for each of the 10 reporting health facilities. 
Weeks with no reports (i.e., all 10 health facilities not reporting) were not included in the 
analysis. We used two approaches to correct for the missing reports for weeks where data are 
reported from fewer than 10 health facilities. In the first approach, we took the total number of 
cases reported in a given week and divided this by the number of health facilities reporting that 
 Temporal Scale Number of measurements 
Temporal 
Resolution Spatial Scale 
Disease Data     
     Under-5 diarrhea cases Jan. 2007 – Jun. 2017 10 health facilities weekly total Chobe District 
Meteorological Data     
     Maximum Temperature Jan. 2007 – Jun. 2017 1 station weekly average Chobe District 
     Minimum Temperature Jan. 2007 – Jun. 2017 1station weekly average Chobe District 
     Rainfall Jan. 2007 – Jun. 2017 2 stations weekly sum Chobe District 
     River Height Jan. 2007 – Jun. 2017 1 station weekly average Chobe River 
Water Quality     





27.5 km of 
Chobe River 
     Total Suspended Solids Jul. 2011 – Jun. 2014; Jul. 2015 – Jul. 2017 
14 transect 
points 
  biweekly 
sampling 
27.5 km of 
Chobe River 
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week. This method provides a weekly estimate of the total under-5 diarrhea cases per health 
facility but does not account for differences in patient volume. For the second method, 
observations were first standardized as follows: 
 𝑥%,'( = 	𝑥%,' − 	𝜇'𝜎'  (1) 
where 𝑥%,'(  is the standardized observation for week t and health facility i, 𝑥%,' is the raw number 
of observations for week t and health facility i, 𝜇' is the mean number of observations for health 
facility i across all years, and 𝜎' is standard deviation of the number of observations for health 
facility i across all years. For each week, those standardized numbers of observations were 
averaged across reporting health facilities to create a district-wide standardized estimate, 𝑥%(, i.e., 
 𝑥%( = 	.𝑥%,'(𝑛0'12   (2) 
where n is the number of clinics reporting in a given week. This standardized weekly under-5 
diarrhea estimate, 𝑥%(, represents the average deviation from the mean number of cases across 
reporting clinics. Analyses were performed using both correction approaches, and results were 
consistent with both data forms. Findings using weekly under-5 diarrhea data divided by the 
number of reporting clinics are presented here because they are more easily interpreted; findings 
using standardized under-5 diarrhea data are presented in Table S3 and Figures S3–S5. Overall, 
variable importance and effect size were consistent irrespective of which data correction method 
was used. 
 
Environmental predictors of under-5 diarrhea and water quality: Multimodel inference 
Three separate analyses were performed to determine the associations between 
environmental variables and weekly under-5 diarrhea cases, E. coli, and TSS. The analyses 
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differed only in the outcome of interest and the basic structure of the models. Since water quality 
variables were measured over a shorter time period, the models predicting E. coli and TSS 
included fewer observations (n = 42 [wet season], n = 54 [dry season]) than models without 
water quality variables (n = 164 [wet season], n = 236 [dry season]). A priori, we hypothesized 
that different environmental drivers were important for the dry and wet season outbreaks of 
under-5 diarrhea, so analyses were performed separately for the wet and dry seasons. 
Multimodel inference was carried out using groups of candidate regression models, each 
developed with the same structure but different predictor variables. Under-5 diarrhea 
observations, which are overdispersed count data, were modeled using negative binomial 
regression. E. coli and TSS concentration data were Gaussian in structure and were modeled 
using ordinary least squares regression. Models predicting under-5 diarrhea were developed 
using all combinations of 12 different environmental variables: minimum temperature (lagged 1, 
4, and 8 weeks), maximum temperature (lagged 1, 4, and 8 weeks), rainfall (lagged 1, 4, and 8 
weeks), and Chobe River height (lagged 1, 4, and 8 weeks). Models predicting E. coli or TSS 
included the same environmental variables lagged 0 and 4 weeks. These lag times were chosen to 
represent the acute (0/1 week), short-term (4 week), and long-term (8 week) effects of 
environmental variability. All regressions included a dummy variable for year and an 
autoregressive term (diarrhea incidence lagged 1 week) as predictor variables. These variable 
combinations resulted in 4,096 candidate models of under-5 diarrhea for both the wet and dry 
season, and 256 candidate models for both E. coli and TSS in each season. In summary, within a 
multimodel ensemble, every model had the same regression structure (either Gaussian or 
negative binomial) and included a dummy variable for year and an autoregressive term. The only 
differences between the models were the environmental variables included as predictors. 
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 Multimodel inference methods. Five different subsets of the candidate models were 
created by (1) retaining all models, (2) selecting models with all coefficients statistically 
significant at p < 0.20, (3) selecting models with all coefficients statistically significant at p < 
0.10, (4) selecting models with all coefficients statistically significant at p < 0.05, and (5) 
selecting only the model with the lowest Akaike information criterion, corrected for the small 
sample size relative to the number of parameters used in each model (AICc). The Akaike weight 
of each model within the subset was then calculated. Akaike weights provide a relative 
likelihood that a specific model is the best model in a given subset (Burnham and Anderson 
2003). “Top” model sets were then obtained by selecting the smallest combination of models 
with Akaike weights summing to 0.95.  
Each of the five top model subsets were used to calculate averaged variable coefficients 
and relative variable importance. The average coefficient for variable X was calculated by taking 
a weighted average of the coefficient estimates for variable X from each subset of models. Each 
coefficient estimate was weighted by the Akaike weight of its respective model. Relative 
variable importance is a measure of how often a predictor variable is included in the best 
performing models. The relative importance of variable X was calculated by adding the Akaike 
weights of all models that included variable X as a predictor. These importance measurements do 
not add up to 1 because models can include multiple environmental predictors. 
Multimodel averaged predictions. Multimodel averaged predictions are the Akaike 
weighted average of the subset constituent model predictions. Pseudo R-squared was calculated 
for the averaged model, top model, and null model by squaring the correlation between the 
averaged predictions and observations of weekly diarrhea. In addition, leave-one-out (LOO) 
cross-validation was performed by omitting 1 year of data from model fitting and then generating 
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and evaluating model averaged predictions for the missing year. Correlation rather than root 
mean square error (RMSE) was used to evaluate model predictive performance because models 
included a dummy variable for year, which cannot be estimated for the omitted year. 
 
Analysis of water quality and under-5 diarrhea 
Negative binomial regressions were used to evaluate the relationships between Chobe 
River water quality and under-5 diarrhea case reports. Multiple models were run with E. coli or 
TSS lagged from 0 to 8 weeks as the predictor variables and under-5 diarrhea cases as the 
outcome. Each model contained only 1 lagged water quality predictor variable, in addition to an 
autoregressive term (under-5 diarrhea incidence lagged 1 week) and a dummy variable for year. 
Each model included data from weeks with complete observations for all predictors. 
 
Results 
Weekly cases of under-5 diarrhea in Chobe District exhibited strong seasonal dynamics 
over the decade of observation (2007 – 2017), with two annual outbreaks occurring on average 
(Figure 2). The first outbreak period occurred on average in late January during the wet season, 
and the second in August during the dry season. The under-5 diarrhea incidence was greater, on 
average, for dry season outbreaks (average number of cases = 615, SD = 333) than for wet 
season outbreaks (average number of cases = 407, SD = 232).  
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Figure 2. Seasonal plots of all variables. All plots represent the average weekly values across 
all years of data. The shaded portion represents the dry season, and the dashed black line is a 
cubic spline fit through the data to show seasonal trend. Average weekly number of under-5 
diarrheal cases reported for 2007–2017 is shown in (A); (B—E) provide the average weekly 
values for environmental variables over the study period from January 2007 to June 2017 (full 
time series data are provided in Figure S1), and (F) and (G) are average biweekly water quality 
measurements in the Chobe River for 2011–2017. CFU, colony-forming units; TSS, total 
suspended solids. 
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Hydrometeorological and water quality variables 
Seasonal patterns of hydrometeorological variables are shown in Figure 2. Average 
maximum temperature was similar in the wet season and dry season, at 30˚C and 29˚C, 
respectively; however, maximum temperature had greater variability during the dry season. 
Minimum temperature was higher during the wet season on average (19˚C) than during the dry 
season (12˚C). The lowest minimum temperatures occurred during the dry season, and then 
temperatures increased up to the start of the wet season, at which point they plateaued. In this 
system, with the commencement of the flood, the height of the Chobe River steadily increased 
during the wet season, peaking on average at the end of March and decreasing through the dry 
season. Chobe River measurements of E. coli and TSS from 2011 to 2017 also exhibited 
seasonal patterns (Figures 2F and 2G; full time series data are provided in Figure S1). TSS 
increased and peaked during the dry season, declining steadily throughout the wet season. In 
contrast, E. coli concentrations were relatively low during the dry season and peaked in the 
middle of the wet season.  
 
Environmental predictors of under-5 diarrhea 
Dry season multimodel results. The results from multimodel inference in the dry season 
are summarized in Figure 3A.1, and the ten regression models with the lowest AICc values are 
shown in Table S6. River height lagged 1 week, and maximum temperature lagged 1 and 4 
weeks had the highest weighted importance within all model subsets. Indeed, average coefficient 
estimates and variable importance did not differ greatly between model subsets with different p-
value criteria. River height lagged 4 weeks and rainfall lagged 1 week also had moderate relative 
importance when rainfall occurred. 
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Figure 3. Dry season and wet season average coefficients and variable importance. (A) 
Summary of multimodel inference predicting under-5 diarrhea. The rows of the tables 
represent each environmental variable at 1-, 4-, and 8-week lags. The columns of the tables 
represent different model selection criteria, i.e., average coefficient estimates for each 
environmental variable derived from different model subsets. The numbers in parentheses 
indicate the number of models that were averaged in a given model subset. Lastly, the shading 
indicates the weighted importance of each variable within the model subset, with 1 being the 
highest possible weighted importance. “NaN” indicates that a variable was not used in any of 
the models within a model subset. (A.1) shows results from the dry season, and (A.2) shows 
wet season results. (B and C) As for (A), but for models predicting E. coli and total suspended 
solids (TSS), respectively, with 0- and 4-week lags. Tmax, maximum temperature; Tmin, 
minimum temperature. 
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As the Chobe River height decreases during the dry season, floodwaters drain back into 
the channel from the surrounding floodplains. Multimodel inference estimates indicated that a 1-
meter decrease in river height in the dry season was associated with a 16.7% (1-week lag) and a 
16.1% (4-week lag) increase in under-5 diarrhea incidence. Maximum temperature had a more 
complex relationship with diarrheal disease, with a positive influence on diarrheal disease 
initially at the 1-week lag but a negative relationship when lagged by 4 weeks. A 1 ˚C increase in 
maximum temperature lagged 1 week was associated with an estimated 3.8% increase in under-5 
diarrhea incidence, while a 1 ˚C decrease in maximum temperature lagged 4 weeks was 
associated with a 3.4% increase in under-5 diarrhea incidence. 
Pseudo R-squared values for the averaged models ranged from 0.55 to 0.57 (Table S1), 
while the null model (with only an autoregressive term and year dummy variable) had a pseudo 
R-squared value of 0.46. LOO cross-validation prediction accuracy was typically higher for the 
weighted averaged models than the top AICc model but varied greatly depending on the omitted 
year (Table S2). Correlations between predicted number of cases of under-5 diarrhea and 
observed number of cases were very high for 2009 through 2017, but the 2008 correlation was 
poor (r =0.12). The averaged models containing environmental predictors performed much better 
overall in LOO cross-validation than the null model (Table S4). 
Wet season multimodel results. Average coefficients and variable importance estimates 
in the wet season did not vary widely between model subsets (Figure 3A.2). Rainfall lagged 8 
weeks was the most important predictor of under-5 diarrhea incidence in the wet season. Each 
additional 10 mm of rainfall lagged 8 weeks was associated with a 6.5% increase in under-5 
diarrhea incidence. Minimum temperature lagged 1 week had moderate importance in 2 model 
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averages, which estimated a 5.8% increase in diarrhea for every 1 ˚C decrease. The ten 
regression models with the lowest AICc values are shown in Table S7. 
Pseudo R-squared values for the wet season were 0.54 for all model averages, and the 
null model had a pseudo R-squared value of 0.49 (Table S1). All model averages produced 
similar LOO prediction accuracy; models with coefficients significant at p < 0.05 are provided in 
Table S2. Similar to the dry season models, prediction accuracy varied greatly based on the 
omitted year of data. Correlations from model averaged predictions were higher than 0.80 for the 
years 2010 – 2014 and 2016. When data from 2015 were omitted, the models generated very 
poor predictions. However, the null model performed worse on average in LOO cross-validation 
than the averaged models with environmental predictors. 
We also tested the data using distributed lag nonlinear models, which allow for nonlinear 
relationships between predictors and the outcome variable. All environmental variables were 
included as predictors (maximum temperature, minimum temperature, rainfall, and river height) 
lagged from 0 to 8 weeks. The results generally agreed with the results presented above. In the 
dry season, decreasing river height was associated with a significantly higher risk of diarrhea 
infection at lag weeks 4 – 6. In the wet season, higher rainfall was associated with larger diarrhea 
risk at lag weeks 7 and 8. Associations between other environmental variables and diarrhea 
incidence were generally not significant, which may be due to our moderate sample size. Of 
note, the estimated exposure-response relationships were relatively linear, which supports our 
use of generalized linear model multimodel inference above. More details and figures explaining 
this analysis can be found in Text S1 and Figures S6 and S7. 
 
Environmental predictors of TSS and E. coli 
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Multimodel inference identified different environmental drivers of E. coli and TSS by 
season (Figures 3B and 3C). In the wet season, minimum temperature unlagged, river height 
unlagged, and rainfall unlagged were the most important predictors of E. coli concentrations. All 
3 variables had statistically significant positive associations with E. coli (Figure 3B.2). Rainfall 
lagged 4 weeks was the only important predictor of E. coli in the dry season and had a positive 
coefficient (Figure 3B.1). Rainfall in the dry season, however, was an uncommon event. 
In the dry season, TSS level was strongly predicted by river height lagged 4 weeks, 
which had a negative coefficient (Figure 3C.1). Lastly, minimum temperature lagged 0 and 4 
weeks and river height lagged 4 weeks were important predictors of TSS in the wet season. 
Minimum temperature at both lags had a positive association with TSS, and river height had a 
negative association (Figure 3C.2). 
     
Water quality and diarrheal case reports 
Univariate regression analyses showed that both TSS and E. coli concentrations were 
significantly associated with under-5 diarrhea incidence (Figure S2). TSS had a positive 
association with diarrhea incidence in the dry season unlagged (beta = 0.060, 95% CI = 0.180, 
0.102), lagged 3 weeks (beta = 0.041, 95% CI = 0.008, 0.073), and lagged 4 weeks (beta = 0.042, 
95% CI = 0.004, 0.080). In contrast, TSS had a significant negative relationship with under-5 
diarrhea in the wet season lagged 2 weeks (beta = − 0.098, 95% CI = − 0.151, − 0.045) and 6 
weeks (beta = − 0.063, 95% CI = − 0.119, − 0.007). E. coli had an unlagged positive association 
with diarrheal incidence in both the wet season (beta = 0.003, 95% CI = 0.001, 0.004) and the 
dry season (beta = 0.011, 95% CI = 0.003, 0.017). 
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Discussion 
Our results show tight seasonal linkages between environmental variability, Chobe River 
water quality, and under-5 diarrhea incidence in Chobe District, Botswana. On average, there 
were biannual under-5 diarrhea outbreaks in this region during the wet and the dry seasons, and 
results suggest that wet and dry season outbreaks were driven by different environmental 
conditions and water quality changes (Figure 4).  
 
Rainfall and flooding drive wet season under-5 diarrhea incidence  
In the wet season, under-5 diarrhea was positively associated with rainfall and E. coli 
concentrations in Chobe River. Every ten millimeters of rainfall was associated with a 6.5% 
increase in under-5 diarrhea cases lagged 8 weeks. Excess rainfall can increase diarrhea 
incidence by flushing fecal material and enteric pathogens into surface water sources, i.e., the 
runoff effect (Levy et al. 2016). Our models indicated that 1mm of rainfall was associated with a 
0.99 CFU/100ml increase in Chobe River E. coli, and that a 1cm increase in river height was 
associated with a 0.48 CFU/100ml increase in Chobe River E. coli. Moreover, terrestrial wildlife 
fecal count is positively associated with E. coli concentrations in the Chobe River during the wet 
season (Fox and Alexander 2015). Our findings in concert with the density of wildlife in this 
region support the hypothesis that increased rainfall and Chobe River flooding flush enteric 
pathogens into the Chobe River, resulting in higher risk of human infection.  
 
Receding flood waters drive dry season under-5 diarrhea incidence 
Dry season under-5 diarrhea was strongly associated with Chobe River height and TSS 
levels. The Chobe River is highest at the start of the dry season in March and declines steadily 
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until November due to evaporation and limited rainfall. Here we show that a 1m drop in 
floodwaters during the dry season was associated with increases in diarrhea incidence of 16.7% 
and 16.1% lagged 1 and 4 weeks, respectively (Figure 3), and that river TSS levels were 
negatively associated with river height (i.e., TSS levels increased as floodwaters receded). Both 
TSS and E. coli concentrations in Chobe River were positively associated with under-5 diarrhea 
in the dry season (Figure S2).  
These results suggest that the concentration effect is an important driver of dry season 
under-5 diarrhea outbreaks through 3 potential mechanisms: 1) declines in the total volume of 
water concentrate existing sediments and pathogens in the water, 2) receding water across 
floodplains transports sediment and fecal material into the riverbed, and 3) shrinking surface 
water resources result in wildlife congregation along the Chobe River banks (Figure 4). Previous 
work showed that wildlife fecal counts along the Chobe River peak during the dry season, and 
that high TSS levels occur in areas with high wildlife density (Fox and Alexander 2015). Hence, 
dry conditions also encourage wildlife gathering along the Chobe River, further concentrating 
fecal material and sediment in the water.  
Interestingly, a 1˚C increase in minimum temperature in the dry season was associated 
with a 4% increase in under-5 diarrhea incidence when lagged 1 week but was associated with a 
3.5% decrease in under-5 diarrhea incidence when lagged 4 weeks. While ambient temperature 
has been  both positively and negatively associated with childhood diarrhea (Al Ibrahim et al. 
2010), varying associations at different lag times have not previously been observed. Future 
work should explore the biological plausibility of these findings.  
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Figure 4. Schematic of rainfall and flood pulse influences on surface water quality and 
diarrheal disease outbreaks in a flood pulse river system. In these systems, the flood pulse 
uniquely links aquatic and terrestrial habitats and microbial communities including potential 
pathogens. During the wet season (panel 1), rainfall moves fecal E. coli (a marker for fecal 
bacteria) overland into the river channel. As in-river E. coli increases, the number of diarrheal 
disease case reports increase in the population using municipal water that was obtained from 
the river (wet season outbreak). During this same period, water-dependent animals (wildlife 
and, to a lesser extent, livestock) move out of the Chobe River area into the interior to utilize 
water resources. Floodwaters (panel 2) rise and inundate floodplains, incorporating fecal 
microbial communities on previously dry land areas. With progression of the dry season and 
no rainfall, surface water in the interior dries up, and water dependent animals move back to 
the river’s edge, concentrating fecal material along river floodplains. Floodwaters begin to 
recede from the inundated land areas (panel 3), and TSS levels increase, as does the number of 
diarrheal case reports (dry season outbreak).  
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Future work must account for seasonal, local, and distal climate drivers  
Our results underscore the importance of considering seasonal differences in 
environment-diarrhea relationships, especially in hydrologically dynamic regions. Most existing 
work linking climate variables to diarrhea incidence aggregates effects across different seasons 
(Levy et al. 2016), and may therefore miss key seasonal interactions and/or mischaracterize 
environmental effects. 
The environment-diarrhea associations in the Chobe River floodplain system also 
demonstrate the importance of considering local and distal meteorological drivers of diarrhea. 
Flood pulse dynamics in the Chobe River arise from local precipitation events as well as 
precipitation in catchment headwaters more than 1,000 miles away in the Angolan highlands. As 
these hydrometeorological processes are linked with diarrhea incidence, Chobe District diarrhea 
dynamics will likely respond to both local and distant climatic changes. It is evident that 
exclusive use of local or country-level climate data would be inadequate to understand 
hydrometeorological impacts on diarrheal disease in this region. It is further evident that 
grouping regions into larger diarrheal disease studies likely masks critical information necessary 
to understand local environmental-diarrhea relationships. 
 
Suspended solids hamper the production of safe drinking water  
We present compelling evidence for connections between climate, Chobe River water 
quality, and under-5 diarrhea, which suggests that established water treatment infrastructure may 
be ineffective. Households in this study area have access to and reported exclusively using 
improved water produced by centralized water processing plants (Alexander and Blackburn 
2013). This infrastructure should protect the population from river water quality declines and 
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waterborne disease, yet biannual diarrheal outbreaks coinciding with degraded river water 
quality continue to occur. 
Increased levels of TSS, as observed in the dry season, may result in reduced drinking 
water quality for two reasons. First, suspended solids have an important influence on bacterial 
survival and transport in surface waters, providing protection from UV light, predators, and 
access to nutrients (Sherer et al. 1992; Walters et al. 2014). Similarly, enteroviruses within 
surface water bodies are more commonly attached to suspended solids (Rao et al. 1984). Second, 
elevations in suspended solids also influence the effectiveness of water treatment facilities. 
Conventional water treatment includes a coagulation step, which involves the application of 
chemicals to remove suspended solids from the water into large aggregates that are subsequently 
eliminated through sedimentation and filtration steps (Betancourt and Rose 2004). Higher 
concentrations of suspended solids in the water require more coagulant to be applied in this 
treatment step.  Coagulation is often followed by a chemical disinfection step, but the 
effectiveness of disinfection is lowered if suspended solids have not been sufficiently eliminated 
(Betancourt and Rose 2004).  
 Many treatment facilities in Africa and elsewhere rely on manual control strategies to 
determine the coagulation doses needed for water treatment based on detected TSS levels (Wang 
et al. 2012). TSS elevations can occur rapidly, varying over months, weeks (Figure S1), days, 
and even within a day (Table S5). Even when elevations in TSS levels are detected, calculation 
of the optimum coagulant dose is complex and nonlinear (Bello et al. 2014; Edzwald and 
Tobiason 1999). Failure of the operator and/or equipment in water treatment plants to detect and 
account for these fluxes when applying coagulant dosing can compromise water quality as the 
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coagulation step has crucial influences on disinfection and microorganism removal (Betancourt 
and Rose 2004; Edzwald and Tobiason 1999). 
 
Alternative explanations for environment-diarrhea associations 
While consumption of contaminated river water is the most likely interpretation of our 
results, the quality of consumed household water remains uncharacterized. High contamination 
of piped water in homes would support the hypothesis that environmental conditions influence 
river water quality, which in turn affects under-5 diarrhea incidence. New work indicates that 
drinking water quality in Chobe District households may closely mirror Chobe River water 
quality (unpublished), though future study of this association would strengthen our conclusions.  
High contact rates between wildlife and humans, as well as changing human behaviors, 
could explain some of the associations between environmental conditions and under-5 diarrhea 
rates. The concentration of wildlife around Chobe River during the dry season could increase 
direct animal to human fecal-oral transmission of diarrhea-causing pathogens. In addition, water 
storage during dry periods is common in Chobe District and has been associated with increased 
water contamination and diarrhea incidence (Alexander and Blackburn 2013). Changes in health 
seeking behavior across the year could also possibly explain observed relationships.  
While these alternate pathways may explain some of the associations between the 
environment, water quality, and childhood diarrhea, they cannot account for the robust weekly 
associations observed in this study. As a result, efficacy of water treatment infrastructure in 
Chobe District must be investigated. More generally, it should be noted that the presence of 
water treatment facilities, especially those in resource-poor settings, does not necessarily indicate 
high quality drinking water (as discussed above). The functioning of these facilities, and quality 
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of the water output must be regularly monitored and adjusted to ensure that varying 
environmental conditions and surface water quality do not influence rates of childhood diarrhea.   
 
Need for socioecological predictors and mechanistic prediction models  
 Model cross-validation showed high interannual variability in predictive accuracy, which 
may be due to the absence of socioecological variables in our models. Diarrheal disease as a 
syndrome is complex, driven by a variety of pathogens, each varying in their transmission and 
dynamics within and between years. Sociocultural factors, such as health seeking and hygiene 
behaviors, also shape exposures, secondary transmission, and case detection. To obtain a 
wholistic understanding of diarrhea outbreaks and generate accurate predictions, future modeling 
efforts must include relevant social, cultural, and ecological variables as well as environmental 
forcings.  
The interannual variability in prediction accuracy could also reflect the inability of 
statistical models to capture infectious disease transmission dynamics. Our model treats 
infections as independent events, but, in reality, diarrhea-causing pathogens are commonly 
transmitted through waterborne pathways and direct fecal-oral contact. Future work needs to use 
mathematical and mechanistic models to better represent diarrhea transmission dynamics and 




This study demonstrates strong seasonal associations between hydrometeorology, water 
quality, and under-5 diarrhea in northern Botswana. Climate change is expected to increase 
rainfall variability but decrease the overall rainfall in Botswana (IPCC 2014); monthly and 
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annual rainfall, as well as the number of rainy days, have decreased in Botswana over the past 30 
years (Batisani and Yarnal 2010). Our results suggest that these climatic changes may have 
significant impacts on the dynamics of under-5 diarrheal disease. Future work must use 
mechanistic and seasonal models to improve knowledge of the linkages between the 
environment, water quality, and diarrheal disease in this region. A deeper understanding of these 
connections will enable better prediction, preparation, and prevention of under-5 diarrhea 
outbreaks. Long-term solutions to diarrheal disease and climate preparedness should include 
increased national focus on water sector development using technologies that are robust to local 
environmental conditions but can be serviced and maintained locally. Ultimately, the success of 
public health strategies across systems will depend on understanding how sociocultural and 
environmental factors influence waterborne disease exposure risk, transmission dynamics, and 
population vulnerability. 
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Supplementary Information  
Table S1. Pseudo R-squared values for each averaged model in the dry and wet seasons.  
 




Dry Season 0.56 0.56 0.56 0.55 0.46 0.57 
Wet Season 0.54 0.54 0.54 0.54 0.49 0.54 
 
Table S2. LOO cross-validation results for the dry season and wet season using correlation as 
the metric of prediction accuracy. The rows represent the seasonal data and the model structure 
(i.e. averaged model with environmental predictors or null model without environmental 
predictors) used to fit the model. The columns indicate the omitted year, which was also used to 
test model prediction accuracy. Table values represent the correlations of the weekly averaged 
model predictions with the observations for the omitted year.  
 
    2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 
Dry 
Season 
Averaged  0.72 0.12 0.96 0.88 0.99 0.82 0.96 0.53 0.34 0.66 0.72 
Null 0.69 0.27 0.62 0.53 0.79 0.59 0.38 0.29 0.59 0.04 0.14 
Wet 
Season 
Averaged  0.24 0.48 0.56 0.92 0.89 0.89 0.95 0.94 -0.07 0.9 N/A 
Null 0.35 0.42 0.45 -0.04 0.35 0.1 0.01 0.92 0.11 0.32 N/A 
 
Table S3. Pseudo R-squared values for each averaged model in the dry and wet seasons, using 
standardized diarrhea case data.  
 
  p<1 p<0.20 p<0.10 p<0.05 top model null model 
Dry Season 0.508 0.506 0.502 0.501 0.503 0.442 
Wet Season 0.638 0.631 0.628 0.628 0.628 0.604 
 
Table S4. LOO cross-validation results for the dry season and wet season using correlation as 
the metric of prediction accuracy. The rows represent the seasonal data that was used to fit the 
model. The columns indicate the omitted year, which was also used to test model prediction 
accuracy. Table values represent the correlations of the averaged model predictions with the 
observations for the omitted year.  
 
    2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 
Dry 
Season 
Averaged  0.48 0.16 0.92 0.92 0.94 0.68 0.91 0.39 0.4 0.5 0.35 
Null 0.58 0.24 0.3 0.58 0.83 0.52 0.46 0.36 0.16 0.12 0.06 
Wet 
Season 
Averaged  -0.22 0.45 0.5 0.86 0.93 0.84 0.99 0.97 0.32 0.9 N/A 
Null -0.21 0.36 0.58 0.24 0.49 0.09 0.11 0.89 -0.07 0.6 N/A 
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Table S5. Measurement of Total Suspended Solids over an eight-hour period in the Chobe River 







4-Aug-17 7:00 17.5 
4-Aug-17 10:15 22.86 
4-Aug-17 13:34 20 
4-Aug-17 15:26 27.5 
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Figure S2. Coefficient estimates for the effect of TSS and E. coli on under-5 diarrhea. Each 
point represents the regression coefficient for the respective water quality measure at a different 
lag week. The dotted lines provide the 95% confidence intervals for the corresponding 
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Figure S3. Dry season average coefficients and variable importance using standardized diarrhea 
data. Summary of multimodel inference predicting under-5 diarrhea (standardized).  The rows of 
the table represent each environmental variable at 1,4, and 8 week lags. The columns of the table 
represent different model selection criteria, i.e. average coefficient estimates for each 
environmental variable derived from different model subsets. The numbers in parentheses 
represent the number of models that were averaged in a given model subset. Lastly, the colors 
indicate the weighted importance of each variable within the model subset, with 1 being the 
highest possible weighted importance. “NaN” indicates that a variable was not used in any of the 
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Figure S4. Wet season average coefficients and variable importance using standardized diarrhea 
data. Summary of multimodel inference predicting under-5 diarrhea (standardized).  The rows of 
the table represent each environmental variable at 1,4, and 8 week lags. The columns of the table 
represent different model selection criteria, i.e. average coefficient estimates for each 
environmental variable derived from different model subsets. The numbers in parentheses 
represent the number of models that were averaged in a given model subset. Lastly, the colors 
indicate the weighted importance of each variable within the model subset, with 1 being the 
highest possible weighted importance. “NaN” indicates that a variable was not used in any of the 
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Figure S5. Coefficient estimates for the effect of TSS and E. coli on under-5 diarrhea 
(standardized). Each point represents the regression coefficient for the respective water quality 
measure at a different lag week. The dotted lines provides the 95% confidence intervals for the 
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Figure S6. Non-linear exposure response relationships between river height and diarrhea 
incidence in the dry season. These relationships were generated using DLNMs that controlled for 
minimum temperature, maximum temperature, rainfall, and year. Relative risk estimates (black 
line) and confidence intervals (grey areas) are shown across different river height levels (x-axis). 
All relative risks are in reference to a river height of 6 meters. Plots (A) – (H) represent the 
response functions at lag weeks 1 through 8. We can see from panels (D) – (F) that declines in 
river height at lag weeks 4-6 are associated with increased risk of diarrheal disease.  
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Figure S7. Non-linear exposure response relationships between rainfall and diarrhea incidence in 
the wet season. These relationships were generated using DLNMs that controlled for minimum 
temperature, maximum temperature, rainfall, and year. Relative risk estimates (black line) and 
confidence intervals (grey areas) are shown across different rainfall levels (x-axis). All relative 
risks are in reference to rainfall of 0 millimeters. Plots (A) – (H) represent the response functions 
at lag weeks 1 through 8. We can see from panels (G) and (H) that increases in rainfall at lag 
weeks 7 and 8 are associated with increased risk of diarrheal disease.  
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S1 Text. Comparative Analysis with Distributed Lag Non-Linear Models 
We also used distributed lag non-linear models (DLNMs) to test our data. DLNMs are 
powerful models that allow for non-linear relationships between predictors and the outcome across 
space and time. They were initially developed to explore the lagged and non-linear relationships 
between one or two environmental predictors and a health outcome (e.g. the effects of temperature 
and air pollution on mortality).  
We ran two DLNMs that included all environmental variables (maximum temperature, 
minimum temperature, rainfall, and river height) as predictors of diarrhea incidence. All predictors 
were lagged from 0 to 8 weeks. Non-linearity of the exposure-response relationships and lag 
structures were modeled using natural splines with 4 degrees of freedom. We used a quasipoisson 
model structure, because negative binominal regression is not supported within the DLNM 
structure. 
In the dry season, we saw that decreasing river height was associated with a significantly 
higher risk of diarrheal disease at lag weeks 4-6 when controlling for all other variables and lags 
(Figure S6 below). In the wet season, higher rainfall was associated with larger diarrhea risk at lag 
weeks 7 and 8 (Figure S7 below). Associations between other environmental variables and 
diarrhea incidence were generally non-significant, which may be due to our moderate sample size. 
Indeed, we could not run DLNMs with water quality predictors due to the sparsity of the water 
quality measurements. Of note, the estimated exposure response relationships from the DLNMs 
are relatively linear. We do not see evidence of threshold effects or effect direction reversals.
 There are two main limitations of using DLNMs. First, inference from these models, which 
have very high dimensionality, is limited by the sparsity of our water quality data and our sample 
size. In addition, DLNMs do not fit within the multimodel inference framework.  Multimodel 
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inference enables inference and prediction across many different models, precluding the choice of 
one “best” model. Many of the model specifications perform similarly well, and multimodel 
inference allows us to estimate the effects and importance of different predictors and lag times 
from many different models. Non-linear models are not supported within the multimodel inference 
framework, but as we showed with the DLNMs, the assumption of linearity is not unreasonable 
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Abstract  
Childhood diarrheal disease causes significant morbidity and mortality in low and 
middle-income countries, yet our ability to accurately predict outbreaks of diarrhea remains 
limited (Fischer Walker et al. 2013; Troeger et al. 2017; Walker et al. 2012). El Niño-Southern 
Oscillation (ENSO, consisting of two end-member extremes, El Niño and La Niña), through its 
influence on local weather conditions, has been shown to affect diarrhea dynamics in South 
America and Asia, but studies in sub-Saharan Africa, where the burden of under-5 diarrhea is 
particularly high, are limited. Here we investigate the connections between ENSO, local 
environmental conditions, and childhood diarrheal disease in Chobe District, Botswana, using 
monthly case report data spanning 2007-2017. In this region of Africa, diarrhea disease 
outbreaks occur biannually in children under-5 during the wet and dry seasons. Our results 
confirm the existence of an ENSO teleconnection with southern Africa and demonstrate that La 
Niña conditions are associated with cooler temperatures, increased rainfall, and higher flooding 
in the Chobe region during the rainy season. In turn, La Niña conditions lagged 0-5 months are 
associated with higher than average incidences of childhood diarrhea in the early rainy season 
(December-February). These findings demonstrate the potential use of ENSO as a long-lead 
prediction tool for childhood diarrhea in southern Africa. Accurate predictions of diarrhea 
outbreak magnitudes could help healthcare providers and public health officials prepare for and 
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Introduction 
Diarrheal disease is a controllable disease but continues to cause significant morbidity 
and mortality in low and middle-income countries. In these regions, diarrhea is the second 
leading cause of death in children younger than five years of age, with 72% of deaths occurring 
in the first two years of life (Fischer Walker et al. 2012). Rates of under-5 diarrhea in Africa are 
particularly high, with an estimated incidence of 3.3 episodes of diarrhea per child each year and 
25% of childhood mortality caused by diarrhea (Fischer Walker et al. 2013; Walker et al. 2012). 
Despite the high burden in this region, our ability to predict and prepare for diarrheal outbreaks 
remains limited.  
Diarrhea is caused by many different pathogens (viruses, bacteria, and protozoa) and 
meteorological conditions can influence waterborne transmission of these pathogens. Extreme 
rainfall events may contaminate drinking water by flushing diarrhea-causing pathogens from 
pastures and dwellings into drinking water supplies (Chou et al. 2010; Curriero et al. 2001; Li et 
al. 2015; Ni et al. 2014; Wu et al. 2014), and drought conditions can concentrate animal activity 
and diarrhea-causing pathogens in surface water resources (Alexander et al. 2013; Hashizume et 
al. 2007; Moors et al. 2013; Singh et al. 2001). In addition, high ambient temperatures may 
promote diarrhea transmission by enhancing pathogen replication rates (Carlton et al. 2015).  
The El Niño-Southern Oscillation (ENSO) is a coupled ocean-atmosphere system 
spanning the equatorial Pacific Ocean. ENSO oscillates between two end-member extremes, El 
Niño and La Niña, which manifest in part as periodic departures from average sea surface 
temperatures (SSTs) in the central equatorial Pacific Ocean. ENSO has a 3-7 year periodicity 
between El Niño events (i.e., warmer than normal ocean SSTs), and La Niña events, (i.e., cooler 
than normal ocean SSTs). These SST deviations are associated with changes in convection over 
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the Pacific that produce large-scale waves in the atmosphere that affect local weather patterns 
around the world, including temperatures, winds, and precipitation.   
The impacts of meteorological variability on diarrhea incidence have been well 
documented (Levy et al. 2016), but limited attention has been directed at understanding how 
ENSO impacts climate-diarrhea relationships. El Niño events have been linked to diarrhea 
outbreaks in Peru (Bennett et al. 2012; Checkley et al. 2000; Salazar-Lindo et al. 1997), 
Bangladesh (Pascual et al. 2000; Rodo et al. 2002), China (Zhang et al. 2007), and Japan 
(Onozuka 2014), but studies of the effects of ENSO on diarrheal disease in Africa have been 
limited to cholera (McGregor and Ebi 2018). Moore et al. (2017) demonstrated an El Niño 
driven geographic shift in cholera incidence from Madagascar and West Africa to East Africa. In 
this study, higher cholera incidence was observed in regions with both increased rainfall and 
decreased rainfall, suggesting a complex relationship between ENSO and cholera transmission 
(Moore et al. 2017). Increases in cholera incidence have also been linked to El Niño driven 
rainfall increases in Uganda (Alajo et al. 2006b) and the Great Lakes Region (Nkoko et al. 
2011). Cholera is indeed an important cause of childhood diarrhea, but recent etiological 
analyses estimate that it causes less than 1% of childhood diarrhea cases in Africa (Lanata et al. 
2013; Platts-Mills et al. 2015). Additionally, the health impacts of cholera on children are mostly 
ephemeral while all-cause diarrhea has been linked to long term health effects like stunting and 
impaired cognitive development (Checkley et al. 2008; Mendez and Adair 1999).  
Here, we explore the link between ENSO and under-5 diarrhea incidence in Botswana. A 
strong ENSO teleconnection has previously been documented across southern Africa. Warmer 
than average SSTs in the Pacific Ocean have been linked to lower summer (December-March) 
rainfall (Camberlin et al. 2001; Lindesay 1988; Van Heerden et al. 1988), and decreased 
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vegetation across southern Africa (Anyamba and Eastman 1996). These effects are specifically 
apparent in Botswana, where El Niño events have been consistently associated with below 
normal rainfall during the summer rainy season (Nicholson et al. 2001; Nicholson and Kim 
1997).  
Botswana is a middle-income country in Southern Africa whose government provides 
heavily subsidized healthcare and has a well-developed water treatment and reticulation 
infrastructure, yet still experiences significant under-5 diarrhea outbreaks biannually. Etiological 
studies show that under-5 diarrhea in Botswana is caused by a plethora of pathogens, including 
Shigella, Salmonella, Cryptosporidium, Giardia lamblia, rotavirus, and norovirus (Basu et al. 
2003; Creek et al. 2010; Rowe et al. 2010; Urio et al. 2001). While rotavirus infections have 
been shown to peak in the cool dry winter season in Botswana (Basu et al. 2003), the seasonal 
patterns of other diarrhea-causing pathogens in this region remain uncharacterized.  
Chobe District is a hydrologically dynamic region in northeastern Botswana experiencing 
annual wet (November-March) and dry (April-October) seasons. The Chobe River flood pulse 
system (Figure 1), which is the primary source of water for the district, floods annually with a 
peak flood height occurring in the late wet season/early dry season (March). Our previous work 
has shown that the populations in this region experience two annual diarrhea outbreaks, one in 
the wet season and another in the dry season (Alexander et al. 2013, 2018, 2012), and attack 
rates are highest for children younger than one year of age (Kaltenthaler et al. 1996; Mach et al. 
2009). We have also previously established associations between under-5 diarrhea incidence in 
this district and changes in rainfall, Chobe River height, and temperature (Alexander et al. 2013, 
2018). 
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Figure 1. Map of study region in Chobe District, Botswana. Chobe District is located in the 
northeastern region of Botswana, and is situated at the southern edge of the Zambezi River Basin 
(inset). A majority of people in the district reside in or near Kasane along the Chobe River, 
which is fed by the Cuando River system and originates in the Angolan highlands.  
 
Given the established links between ENSO and rainfall in Botswana, we hypothesized 
that ENSO variability would be an important driver of diarrhea dynamics in this region. 
Specifically, we explored the following questions: 1) does ENSO influence local environmental 
conditions in Chobe District?; and 2) does a relationship exist between ENSO and under-5 
diarrhea incidence in Chobe District? A monovalent rotavirus vaccine (RV1) was introduced 
across Botswana in July, 2012 with high uptake across the country (Gastañaduy et al. 2016); we 
therefore additionally investigated whether the introduction of the rotavirus vaccine in 2012 
affected any identified ENSO-diarrhea association. 
 
  76 
Methods 
Study site 
Botswana is a semi-arid, landlocked country in southern Africa. The country has a 
subtropical climate with annual wet (November-March) and dry (April-October) seasons. Intra- 
and inter-annual precipitation variability is high, resulting in frequent droughts and flooding. 
This study focuses on Chobe District, located in the northeastern part of Botswana (Figure 1). 
The Chobe River is the only perennial surface water in the District and is the primary source of 
drinking water for 8 of 9 villages in the District. The river floodplain system experiences annual 
floods with peak flood height occurring in the early dry season (April). The district contains one 
primary hospital, three clinics, and 12 health posts that serve a total population of approximately 
25,000 people (Central Statistics Office of Botswana 2011). Chobe District is also home to the 
Chobe National Park, which provides important habitat for the largest elephant population in 
Africa, as well as an abundance of other wildlife species.   
 
Data 
Under-5 diarrhea data. As part of a program of syndromic disease surveillance, the 
Botswana Integrated Disease Surveillance and Response (IDSR) Program collates the weekly 
number of children under 5 presenting with diarrhea to health facilities. We extracted weekly 
reports from 10 of the 16 healthcare facilities in Chobe District. A diarrhea case was defined as 
the occurrence of at least three loose stools in a 24-hour period within the four days preceding 
the health visit. Weekly incidence reports from the healthcare facilities were summed to obtain 
total monthly incidence estimates for Chobe District from January 2007- June 2017 (n = 127 
months). 
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There are missing data in the IDSR records for each of the eleven reporting 
clinics/hospitals in Chobe District. Weeks with no reports, i.e., all eleven clinics did not report 
cases (13 of 551 weeks), were not included in the analysis. For weeks with greater than zero but 
fewer than eleven clinics reporting cases, we used the total number of cases reported in a given 
week divided by the number of clinics/hospitals reporting that week. This method provides a 
weekly estimate of the total under-5 diarrhea incidence per clinic/hospital reporting. Monthly 
diarrhea anomalies were then calculated as follows:  𝑥3,45 = 	𝑥3,4 −	𝜇3𝜎3  (1) 
 
where 𝑥3,45  is the diarrhea anomaly for month m and year y, 𝑥3,4 is the diarrhea incidence for 
month m and year y, 𝜇3 is the mean incidence for month m across all years, and 𝜎3 is standard 
deviation of incidence for month m across all years. Monthly diarrhea anomalies were used for 
correlation analyses, and monthly diarrhea incidence reports were used for all other analyses 
(described in detail below). 
Meteorological data. Daily measurements of maximum temperature, minimum 
temperature, and rainfall were obtained from the Department of Meteorological Services under 
the Ministry of Environment, Wildlife and Tourism. Temperature was measured daily in Kasane; 
rainfall was measured in both Kasane and Kavimba, and then averaged to produce daily 
estimates for Chobe District. The Water Affairs Department in Kasane provided daily 
measurements of Chobe River height. All environmental variables were aggregated to a monthly 
resolution and span 2007-2017.  
Satellite derived rainfall data. Regional rainfall data were obtained from the Tropical 
Rainfall Measuring Mission (TRMM) database across southern Africa. TRMM combines rainfall 
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measurements from multiple satellites and available meteorological stations to produce a fine 
scale (0.25 degree) daily gridded rainfall dataset (Huffman et al. 2007). We aggregated TRMM 
daily rainfall across all of southern Africa to derive monthly estimates of total rainfall in each 
grid cell from 1998-2015.  
El Niño-Southern Oscillation data. To estimate the strength of the El Niño-Southern 
Oscillation (ENSO), we used the Niño 3.4 index, which provides historical measures of sea 
surface temperatures (SSTs) in the equatorial Pacific (NOAA 2018). Niño 3.4 represents a three-
month running mean of equatorial SSTs (5°N-5°S, 170-120°W) and is presented as monthly 
anomalies (calculated in the same manner as diarrhea anomalies described above) with respect to 
1971-2000 climatology, and are interpreted as the number of standard deviations above or below 
monthly mean SSTs. These anomalies represent variability in the ENSO cycle and can be used to 
indicate ENSO conditions. Niño 3.4 anomalies between -1 and 1 are considered neutral 
conditions, anomalies between -1 and -2 represent moderate La Niña conditions, anomalies 
below -2 represent severe La Niña conditions, anomalies between 1 and 2 represent moderate El 
Niño conditions, and anomalies above 2 represent severe El Niño conditions. We also ran 
analyses with other ENSO indices, Niño 4, SOI, and MEI, but found the strongest associations 
with Niño 3.4.  
 
Water quality assessments 
Water quality samples were collected bimonthly from established transect sites (n=14 
sampling points, July 2011- June 2014; June 2015-July 2017) located at 1 km intervals along the 
Chobe River above the two water intake stations for the community. Land use along this reach 
consists of protected area and urban land. Water quality assessments were conducted to estimate 
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in river concentrations of E. coli and Total Suspended Solids (TSS) as previously described (Fox 
and Alexander 2015).  
 
Statistical analyses 
 To determine the associations between ENSO, under-5 diarrhea, and local environmental 
variables across all months, we calculated correlations between monthly Niño 3.4 anomalies and 
monthly anomalies for under-5 diarrhea, rainfall, river height, and minimum temperature. 
Correlations were calculated using Niño 3.4 lagged 0, 1, 2 and 3 months. 
We then assessed seasonal associations by splitting the data into four seasons: December-
February (DJF), March-May (MAM), June-August (JJA), and September-November (SON). For 
each year and season, we calculated the average Chobe River height, average minimum 
temperature, total rainfall, and total number of diarrhea cases in Chobe District. We then used 
linear regression to predict seasonal environmental variables using monthly Niño 3.4, and 
negative binomial regression to predict seasonal under-5 diarrhea cases using monthly Niño 3.4. 
Separate regressions were run using Niño 3.4 lagged 0-5 months, i.e., seasonal outcomes in DJF 
were predicted by Niño 3.4 in the corresponding February (0 month lag), January (1 month lag), 
December (2 month lag), November (3 month lag), October (4 month lag), and September (5 
month lag). Although we had limited water quality data, we conducted a parallel exploratory 
analysis predicting seasonal E. coli and TSS concentrations using monthly Niño 3.4.   
In addition, we investigated seasonal teleconnections of ENSO with regional rainfall 
using correlations between monthly Niño 3.4 and monthly TRMM gridded rainfall estimates 
from 1998-2015 within each season. Correlations were calculated within each grid cell for each 
season and year.  
  80 
To explore whether the introduction of the monovalent rotavirus vaccine (RV1) modified 
the relationship between Niño 3.4 and under-5 diarrhea, we reran the negative binomial 
regressions using monthly Niño 3.4 to predict seasonal under-5 diarrhea incidence using data 
from January 2007 – July 2012 (the date of the RV1 introduction across Botswana) and August 
2012 – June 2017. By grouping the data before and after that RV1 introduction, we limited the 
sample sizes, but were able to explore whether the ENSO-diarrhea relationship was modified by 
the RV1 introduction.  
 
Results 
La Niña conditions result in a cooler and wetter local climate   
ENSO was significantly associated with local environmental conditions in Chobe 
District. Across all seasons and years, monthly La Niña (El Niño) conditions were associated 
with cooler (warmer) conditions and higher (lower) Chobe River heights (Table 1).  Specifically, 
monthly Niño 3.4 anomalies (i.e., SST anomalies used to define ENSO conditions) were  
significantly negatively correlated with monthly Chobe River height (p < 0.003) and positively 
correlated with minimum temperature (p < 0.001) at lags of 0-3 months.  
Table 1. Correlations between monthly Niño 3.4 anomalies lagged 0-3 months, and monthly 











Niño 3.4 lag 0  -0.354 (p < 0.001) -0.057 (p=0.521) -0.385 (p<0.001) 0.440 (p<0.001) 
Niño 3.4 lag 1 -0.355 (p < 0.001 ) -0.053 (p=0.555) -0.349 (p<0.001) 0.476 (p<0.001) 
Niño 3.4 lag 2 -0.330 (p < 0.001) -0.056 (p=0.532) -0.303 (p<0.001) 0.489 (p<0.001) 
Niño 3.4 lag 3 -0.301 (p < 0.001) -0.027 (p=0.768) -0.265 (p=0.003) 0.461 (p<0.001) 
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Analyses at seasonal time scales revealed that Niño 3.4 anomalies lagged 0-5 months had 
a significant negative associations with total rainfall in December, January, February (DJF) and 
average DJF Chobe River height, and a significant positive association with average DJF 
minimum temperatures (Figure 2). At a 5-month lag, a 1 standard deviation increase of Niño 3.4 
SST anomalies was associated with a 0.19 meter decrease (90% CI: -0.29, -0.07) in river height, 
a 61.5 millimeter decrease (90% CI: -117.70, -5.28) in rainfall, and a 0.45 degree Celsius 
increase (90% CI: 0.22, 0.68) in minimum temperature. Niño 3.4 was also negatively associated 
with Chobe River height in MAM (0-month lag). In addition, minimum temperature during 
MAM (1-4 month lag), JJA (3-5 month lag), and SON (0-5 month lag) had a positive association 
with Niño 3.4 (Figure S1-S3).  
 
Figure 2. December, January, February associations between Niño 3.4 anomalies and 
environmental variables. Beta coefficients with 90% confidence intervals are shown from 
regressions predicting total rainfall (blue, in 100s of millimeters), average Chobe River height 
(green, in meters), and average minimum temperature (red, in degrees Celsius). Environmental 
outcomes in DJF were predicted using Niño 3.4 lagged 0-5 months. The corresponding February 
from DJF season is lag 0, and the previous September is lag 5. Beta coefficients represent the 
change in the outcome (in 100s of millimeters for rainfall, meters for river height, and degrees 
Celsius for temperature) associated with a one standard deviation increase in Niño 3.4. 
Regressions were run using data from 2007-2017.  
 
  82 
Examination of the broader regional association of rainfall with ENSO revealed the 
source of the significant teleconnection with Chobe River height. The Chobe River is part of the 
Zambezi River Basin and is fed by the Cuando River system in the Angolan highlands. Satellite 
measured rainfall upstream of Chobe River was negatively associated with Niño 3.4 during DJF 
(Figure 3), but not in other seasons (Figure S4). This finding, along with the effects of ENSO on 
local rainfall in Chobe District, explain why cooler Niño 3.4 SSTs are associated with a higher 
than average river height during DJF, when the Chobe River typically floods.  
 
Figure 3. Correlations between Niño 3.4 and TRMM regional rainfall in December, January, 
February from 1998-2015. Only correlations statistically significant at p<0.05 are shown on the 
map.  
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Figure 4. December, January, February under-5 diarrhea associated with Niño 3.4. Estimated 
percent change and 90% confidence intervals are shown from regressions predicting total under-
5 diarrhea cases in DJF using Niño 3.4. The x-axis represents the month of Niño 3.4 predictor, 
which is during or before DJF. Estimates are shown using (A) all of the data (2007-2017), (B) 
using only data collected before the rotavirus vaccine rollout (Dec. 2007- Feb. 2012), and (C) 
using only data collected after the rotavirus vaccine rollout (Dec. 2012- Feb. 2017).  
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Based on our previous work (Alexander et al. 2018), we hypothesized that higher than 
average Chobe River flooding would lead to increased concentrations of organic material 
(including diarrhea-causing pathogens) in Chobe River. Indeed, we observed that Niño 3.4 was 
negatively associated with DJF concentrations of E. coli in the Chobe River at 0-5 month lags 
(Figure S5). At a 5-month lag, a 1 standard deviation increase in Niño 3.4 was associated with 
10.95 fewer E. coli per milliliter (90% CI: -26.35, 4.44). These associations were not statistically 
significant,  but the effect estimates are consistent with the expectation that a higher DJF river 
height, favored during La Niña conditions, increases pathogen concentration through runoff and 
suspension of fecal material in surface waters during the wet season.  
 
Cooler Niño 3.4 SSTs associated with increased under-5 diarrhea incidence  
 We next examined the association between monthly anomalies of ENSO and under-5 
diarrhea case reports across 10 health facilities in the region. Monthly under-5 diarrhea case 
anomalies had a significant negative correlation with monthly Niño 3.4 anomalies lagged 0-3 
months (p < 0.001) (Table 1). Specifically, cooler (warmer) Niño 3.4 SSTs were associated with 
more (fewer) cases of childhood diarrhea across all months of data.  Negative binomial 
regression of DJF under-5 diarrhea upon ENSO seasonal anomalies revealed a significant 
negative association between Niño 3.4 anomalies and total DJF cases at 0-5 month lags (Figure 
4A). At a 5-month lag, a 1 standard deviation increase in Niño 3.4 was associated with a 30.7% 
(90% CI: 8.6%, 47.1%) decrease in total DJF under-5 diarrhea cases. Niño 3.4 anomalies also 
had a significant negative association with total diarrhea cases in MAM (0 month lag) and JJA 
(3-5 month lag) (Figure S6).  
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Rotavirus vaccine introduction does not influence ENSO-diarrhea association  
These results were robust to sensitivity analyses accounting for the monovalent rotavirus 
vaccine (RV1) introduction in July 2012. A strong El Niño event (Niño 3.4 anomalies greater 
than 2) during 2014/2015 co-occurred with much lower than average under-5 diarrhea cases 
(Figure 5). While the RV1 introduction might confound or modify the observed ENSO under-5 
diarrhea relationships, we believe it does not for two reasons. First, rotavirus transmission almost 
exclusively occurs from June-October (Welch et al. 2013), and we found that ENSO mostly 
influences under-5 diarrhea cases in DJF, when pathogens other than rotavirus are the principal 
drivers of diarrhea. Second, our findings were similar when we stratified the analyses to months 
before the RV1 introduction (2007- Jul. 2012) and months after the RV1 introduction (Aug. 
2012- 2017). The shortened timeseries both had decreased Niño 3.4 variability and smaller 
sample sizes, but still produced results similar to the analysis of the full time series (Figure S7). 
Before the RV1 introduction, the negative association in DJF between Niño 3.4 and under-5 
diarrhea incidence became marginally non-significant at 0-2 month lags (February-December), 
but remained significant at 3-5 month lags (November–September) (Figure 4B). The estimated 
associations in DJF after the RV1 introduction were larger (i.e., more negative) and statistically 
significant at 3-5 month lags (November-September), but non-significant for lags 0-2 months 
(February-December) (Figure 4C).  
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Figure 5. Under-5 diarrhea and Niño 3.4 anomalies from 2007-2017. Diarrhea anomalies are 
shown in grey crosses, a moving average of diarrhea anomalies is shown in black, and Niño 3.4 
anomalies are in red. The moving average was calculated using the mean of each observation 
with the three previous observations. The rotavirus vaccine was introduced in July, 2012, which 





Our findings confirm the existence of a teleconnection between ENSO and environmental 
conditions in the northern region of Botswana and demonstrate an association between ENSO 
variability and local childhood diarrhea incidence. Specifically, we show that cooler than average 
Niño 3.4 SSTs were associated with cooler and wetter conditions in the Chobe District as well as 
the upper reaches of the Chobe River basin, and were also associated with increased under-5 
diarrhea cases. The effects were strongest in the DJF season, when the Chobe River floods 
annually. Due to the long lead-lag associations with ENSO in the Chobe region, under-5 diarrhea 
cases during DJF could be predicted up to 5 months in advance.  
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While previous studies have linked El Niño events to diarrhea outbreaks (Alajo et al. 
2006a; Bennett et al. 2012; Checkley et al. 2000; Moore et al. 2017; Pascual et al. 2000; Rodo et 
al. 2002; Salazar-Lindo et al. 1997), here we find that La Niña conditions were associated with 
increased under-5 diarrhea incidence. This divergence emphasizes the importance of considering 
local teleconnections and climate-disease relationships when making ENSO-based predictions. 
ENSO teleconnections are geographically diverse (Yeh et al. 2018); while El Niño events 
produce colder and drier conditions in Botswana, they drive increases in temperature and rainfall 
in Peru, eastern Africa, and Bangladesh (sites of previous studies). Furthermore, any associations 
between ENSO and diarrhea cases will be mediated by local transmission pathways, water 
treatment infrastructure (discussed more fully below), and health behavior. In short, while ENSO 
can be a powerful prediction tool for diarrhea outbreaks, results from ENSO-diarrhea studies 
should not be generalized to other regions.  
Our findings indicate that ENSO remained an important driver of under-5 diarrhea 
dynamics in northern Botswana after the introduction of RV1. Childhood diarrhea in Botswana is 
caused by a multeity of pathogens other than rotavirus, including Shigella, Salmonella, and 
Cryptosporidium (Alexander et al. 2012; Basu et al. 2003; Creek et al. 2010; Goldfarb et al. 
2014; Rowe et al. 2010; Urio et al. 2001; Welch et al. 2013). Therefore, while rotavirus 
prevalence has declined, other diarrhea-causing pathogens are still circulating and susceptible to 
environmental perturbation. The results also emphasize the importance of accounting for 
environmental changes such as ENSO events when evaluating the effects of interventions such 
as vaccines. Two analyses have determined that the rotavirus vaccine was successful in lowering 
under-5 diarrhea incidence in Botswana (Enane et al. 2016; Gastañaduy et al. 2016); however, 
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these studies may have overestimated the effectiveness of RV1 because they did not account for 
the possible effects of the 2014/2015 El Niño event on the reduction of overall diarrhea cases.  
 The strong linkages shown here and in previous work between climate and under-5 
diarrhea suggest that the centralized water disinfection processes currently used in the region 
may be insufficient to deal with changes in water quality (Alexander et al. 2018). In our previous 
work, increasing rainfall and Chobe River height during the wet season were associated with 
declined river water quality and increased under-5 diarrhea case incidence. Here, we provide 
further evidence that higher than average Chobe River flooding and rainfall during the wet 
season, driven by La Niña conditions, is associated with increased E. coli concentrations in the 
river and larger childhood diarrhea outbreaks. In this region, the Chobe River supplies all 
domestic drinking water and is pumped through conventional water treatment plants before being 
distributed to households or public taps for consumption (Alexander and Blackburn 2013). 
Within these treatment facilities, the turbidity and pH is measured manually and used to 
determine the amount of coagulant added to the water. If effective, water treatment should buffer 
the impacts of environmental and water quality changes on the local population. However, our 
work suggests that water treatment facilities may be unable to produce safe drinking water in 
river flood plains systems where significant environmental fluctuations in water quality can 
occur. In Chobe District, further studies are needed to evaluate the combined influence of water 
reticulation infrastructure, water shortages, and water storage and use behaviors among other 
factors on the quality and use of drinking water. An important conclusion is that the presence of 
a water treatment plant will not necessarily mean that safe drinking water is being produced for a 
given population. Indeed, in a recent systematic review Levy et al. (2016) emphasize that future 
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work must consider water disinfection infrastructure when studying the impacts of climate on 
diarrhea transmission (Levy et al. 2016).   
In 2017, 69% of wet season cases occurred during DJF, indicating that early predictions 
of outbreak magnitude, based on ENSO conditions, could help healthcare officials anticipate and 
respond to diarrhea patient surges. Advanced stockpiling of necessary medical supplies, 
preparation of hospital beds and organization of healthcare workers could dramatically improve 
the ability of health facilities to manage diarrheal disease outbreaks, potentially reducing 
morbidity and mortality impacts in children under-5. Early warning frameworks may also allow 
the development of other interventions including public health messaging campaigns and 
distribution of household water disinfection supplies. Utilizing climate information to forecast 
diarrheal disease may be particularly useful in low resource settings where healthcare 
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Figure S1. Coefficient estimates and 90% confidence intervals for the association between Niño 
3.4 and average Chobe River height in (A) DJF, (B) MAM, (C) JJA, and (D) SON during 2007-
2017. The x-axis represents the monthly Niño 3.4 estimate during or before the corresponding 
season. The beta coefficient represents the change in  seasonal Chobe River height in meters 
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Figure S2. Coefficient estimates and 90% confidence intervals for the association between Niño 
3.4 and total Chobe District rainfall in (A) DJF, (B) MAM, (C) JJA, and (D) SON during 2007-
2017. The x-axis represents the monthly Niño 3.4 estimate during or before the corresponding 
season. The beta coefficient represents the change in seasonal Chobe District rainfall in 
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Figure S3. Coefficient estimates and 90% confidence intervals for the association between Niño 
3.4 and average Chobe District minimum temperature in (A) DJF, (B) MAM, (C) JJA, and (D) 
SON during 2007-2017. The x-axis represents the monthly Niño 3.4 estimate during or before 
the corresponding season. The beta coefficient represents the change in Chobe District minimum 
























Figure S4. Correlations between monthly Niño 3.4 and TRMM rainfall during 1998-2015 for 
(A) December-February, (B) March-May, (C) June-August, and (D) September-November. Only 
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Figure S5. Coefficient estimates show the estimated change in (A) E. coli (count/milliliter) and 
(B) Total Suspended Solids (mg/L) associated with a 1 standard deviation increase in Niño 3.4 
during DJF. Water quality measures are mean measurements taken throughout DJF, and Niño 3.4 
is lagged 0-5 months before the DJF season. The x-axis represent the monthly lagged Niño 3.4 
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Figure S6. Coefficient estimates and 90% confidence intervals for association between Niño 3.4 
and total under-5 diarrhea cases in (A) DJF, (B) MAM, (C) JJA, and (D) SON. The x-axis 
represents the monthly Niño 3.4 estimate during or before the corresponding season. Estimates 
are shown using all years of data (2007-2017).  
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Figure S7. Coefficient estimates and 90% confidence intervals for association between Niño 3.4 
and total under-5 diarrhea cases in (A) DJF, (B) MAM, (C) JJA, and (D) SON before and after 
RV1 introduction. The x-axis represents the monthly Niño 3.4 estimate during or before the 
corresponding season. Estimates are shown using data collected before the rotavirus vaccine 
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Abstract 
Diarrheal disease is the second largest cause of mortality in children younger than 5, yet our 
ability to anticipate and prepare for outbreaks remains limited. Here, we develop and test an 
epidemiological forecast model for childhood diarrheal disease in Chobe District, Botswana. Our 
prediction system uses a compartmental susceptible-infected-recovered-susceptible (SIRS) 
model coupled with Bayesian data assimilation to infer relevant epidemiological parameter 
values and generate retrospective forecasts. Our model inferred two system parameters and 
accurately simulated weekly observed diarrhea cases from 2007-2017. Accurate retrospective 
forecasts for diarrhea outbreaks were generated up to six weeks before the predicted peak of the 
outbreak, and accuracy increased over the progression of the outbreak. Many forecasts generated 
by our model system were more accurate than predictions made using only historical data trends. 
Accurate real-time forecasts have the potential to increase local preparedness for coming 
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Introduction 
Diarrhea is the second leading cause of death in children under 5 years of age worldwide; 
it kills more children than HIV/AIDS, measles, and malaria combined (World Health 
Organization, 2015). Rates of under-5 diarrhea in Africa are particularly high, with an estimated 
incidence of 3.3 episodes of diarrheal disease per child each year, and 11% of under-5 mortality 
caused by diarrhea (Fischer Walker et al., 2013; Walker et al., 2012).  
Botswana is a politically stable, middle-income country in southern Africa whose 
government has invested in free healthcare and piped water for its citizens. However, the country 
still experiences seasonal outbreaks of diarrhea that result in under-5 morbidity and case fatality 
rates as high as 30% and 20%, respectively (Statistics Botswana and Ministry of Health, 2009). 
Annual outbreaks occur during the pronounced wet and dry seasons (Alexander et al., 2013, 
2012), and attack rates are highest for children younger than one year (Kaltenthaler et al., 1996; 
Mach et al., 2009).  Further, rates of diarrhea incidence vary considerably from year-to-year.  For 
instance, in 2006 Botswana experienced a diarrhea outbreak that resulted in a four-fold increase 
in the number of cases of diarrhea among young children, and 25% more diarrheal deaths than in 
the previous two years (Mach et al., 2009).  
Hospitals and clinics in Botswana have limited resources and are understaffed. Hence, 
few resources are available to prospectively investigate outbreak dynamics (Alexander and 
Blackburn, 2013). During the 2006 outbreak, the Botswana Ministry of Health announced the 
occurrence of the outbreak a month after it began and had no projections of the outbreak 
trajectory, leaving hospitals and clinics unprepared for its magnitude.  Real-time forecasts of the 
outbreak timing, scale, and progression might have prevented diarrhea cases and deaths had such 
predictions been available and well-integrated into public health and clinical response. 
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Diarrhea is a syndrome that can be caused by a variety of viruses, bacteria, and parasites. 
To date, the etiology of childhood diarrhea in Botswana is not well characterized. Several studies 
have investigated pathogen specific diarrhea, but they rely on small convenience samples. One 
study found that 20% and 3.5% of children with diarrhea tested positive for Shigella and 
Salmonella, respectively (Urio et al., 2001), whereas other analyses estimated the prevalence of 
Shigella to be 4% (Rowe et al., 2010), and the prevalence of Salmonella to be 38% (Creek et al., 
2010). Rotavirus prevalence estimates range from 6% to 78% (Basu et al., 2003; Creek et al., 
2010; Welch et al., 2013), and prevalence estimates for Cryptosporidium range from 2% to 60% 
(Alexander et al., 2012; Creek et al., 2010; Goldfarb et al., 2014; Rowe et al., 2010).  
Here we develop and test an epidemiological forecasting model for childhood diarrhea in 
Botswana. Due to the inconsistencies in diarrhea etiology estimation, we use a compartmental 
model to represent the dynamics of diarrhea as a syndrome. While compartmental models are 
traditionally used to characterize the propagation of a single pathogen, they have been used to 
accurately forecast influenza-like-illness syndrome in other work (Shaman and Karspeck, 2012; 
Biggerstaff et al., 2016). However, estimated parameter values from our syndromic model cannot 
be interpreted in traditional manners because they represent transmission dynamics of multiple 
pathogens. Here we focus on two syndromic parameters: 1) the basic reproduction number R0 
and 2) the typical period between infections 𝛿. Traditionally, R0 represents the number of 
secondary infections resulting from one infected individual in a completely susceptible 
population, but in our analysis it describes the force of transmission for one or more pathogens 
(Diekmann and Heesterbeek, 2000). Similarly, 𝛿 traditionally represents the rate of waning 
immunity to a pathogen but here we use it to estimate the time between diarrhea infections. 
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Because these parameters represent dynamics of multiple pathogens, we allow them to be 
flexible over time to capture seasonal and annual variations in multi-pathogen transmission.  
Our compartmental model is coupled with Bayesian inference, or data assimilation, 
methods that adjust the model state variables and parameters to optimal values using time series 
observations of diarrhea incidence. This process enables ensemble forecasting of future 
conditions with the optimized model. In effect, the data assimilation ‘trains’ the model to 
represent current outbreak dynamics and thus facilitates better forecasting of future conditions, 
including prediction of outbreak peak timing and attack rate. Similar model-inference and 
inference frameworks have been successfully used to estimate critical epidemiological 
parameters and generate real time forecasts for human influenza (Dukic et al. 2012; Ong et al. 
2010; Shaman et al. 2013a), Ebola (Shaman et al., 2014), West Nile virus (DeFelice et al., 2017) 
and Dengue (van Panhuis et al., 2014), but notably have not been applied to diarrheal disease.  
 Here, we present the diarrhea model-inference system, syndromic parameter estimates, 
and retrospective seasonal forecasts generated for Chobe District, Botswana from 2007-2017. 
Our results have implications for outbreak preparedness in low resource environments where 




 Botswana is a semi-arid, landlocked country in southern Africa. The country has a 
subtropical climate with annual wet (November-March) and dry (April-October) seasons. Intra- 
and inter-annual precipitation variability are high, resulting in frequent droughts and flooding 
(Tsheko, 2003). This study focuses on the Chobe District, located in northeastern Botswana. 
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Most of the population obtains piped water through direct reticulation or public taps (Alexander 
et al., 2013). While health services are provided by the Government of Botswana at a nominal 
charge, the district only contains one primary hospital, three clinics, and 12 health posts 
(Alexander et al., 2013) to serve about 25,000 people (Central Statistics Office of Botswana, 
2011). Kasane Primary Hospital, the largest healthcare provider in the district, has just 29 beds 
(Statistics Botswana and Ministry of Health, 2009).  Furthermore, there is very limited staffing 
within district hospitals, clinics, and health posts (Alexander et al., 2013).  
 
Weekly diarrhea observations 
Weekly under-5 diarrhea case reports were obtained for 10 health facilities in Chobe 
District from the Botswana Integrated Disease Surveillance and Response Program (IDSR, 2007-
2017), which collates weekly numbers of children under five presenting to district health 
facilities with diarrhea. A diarrhea case was defined as the occurrence of at least three loose 
stools in a 24-hour period within the four days preceding the healthcare facility visit. Case data 
represent summary clinical diagnoses of attending physicians or nurses in Government medical 
facilities in the District.  
Correcting for missing under-5 diarrhea data. In the IDSR record, missing data exist for 
each of the ten reporting clinics and hospitals. Weeks with no reports (i.e., all 10 health facilities 
not reporting) were not included in the analysis (13 of 551 weeks). For remaining weeks (i.e., 
data from 1-10 health facilities), we used the total number of cases reported in a given week and 
divided this by the number of health facilities reporting that week. This provides a weekly 
estimate of total under-5 diarrhea cases per health facility reporting, but does not account for 
differences in average patient volume between reporting locations. 
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Smoothing under-5 diarrhea observations. To decrease the level of noise in the diarrhea 
observations, we generated a three week moving average of the observations (using the current 
and two previous observations). In addition, to isolate the outbreak signal we subtracted a 
baseline signal from all outbreaks. In the dry season, we subtracted 25 cases from 2007-2012, 
and 10 cases from 2013-2016. The baseline lowered in 2013 following the introduction of a 
rotavirus vaccine in July 2012 (Enane et al., 2016). In the wet season, we subtracted 15 cases in 
all yearly outbreaks. Rotavirus is specific to the dry season, so no changes were made to the wet 
season baseline after 2012. These baseline levels were chosen based on visually inspecting the 
diarrhea outbreak data. We varied them as sensitivity tests and found similar results irrespective 
of the baseline chosen. Raw under-5 diarrhea counts and smoothed counts with baselines 
subtracted are shown in Figure 1.   
 
Model-inference system 
 We developed and evaluated a model-inference system for forecasting under-5 diarrhea 
in Chobe District. In summary, this system uses real-time observations to iteratively update the 
dynamic model state variables and parameters to better match the ongoing outbreak dynamics 
(Figure 1C). This inference of critical epidemiological parameters and the model states enables 
generation of more accurate ensemble forecasts of future diarrheal incidence. There are three 
main components of this system: 1) observations of under-5 diarrhea (described above); 2) a 
dynamic state-space model describing the propagation of diarrhea through the local population; 
and 3) a data assimilation, or Bayesian inference, method. The form and function of each system 
component is further described below.  
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Figure 1. Data smoothing and model system structure. (A) Weekly cases of under-5 diarrhea 
(after correction for missing data) in the dry seasons (weeks 20-51) in 2007-2016 are shown as 
grey points. Blue lines show under-5 diarrhea data after smoothing and subtraction of a baseline 
(see text for more details). (B) as for (A) but in the wet seasons (weeks 50-20) from 2007-2008 
to 2016-2017. (C) Diagram of the model-system structure and outcomes. We use an SIRS model 
structure and weekly syndromic observations of under-5 diarrhea. The data assimilation system 
combines syndromic observations with SIRS model states and parameters to (1) infer syndromic 
epidemiological parameters, and (2) generate updated SIRS model states and parameters. The 
updated SIRS model states and parameters are then used to either (1) propagate the SIRS model 
forward one week, after which the assimilation process is repeated, or (2) generate forecasts by 
propagating the SIRS model forward until the end of the season.  
 
SIRS Model.  Under-5 diarrhea dynamics were simulated using a compartmental 
susceptible-infected-recovered-susceptible (SIRS) mathematical model. The movement of the 
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population between each disease stage is determined by parameters defining transition rates 
between compartments. The model has the form: 
 𝑑𝑆	𝑑𝑡 = 	−	𝛽𝑆𝐼𝑁 + 	𝛿𝑅 
 𝑑𝐼𝑑𝑡 = 	𝛽𝑆𝐼𝑁 − 	𝛾𝐼 
 𝑅 = 𝑁 − 𝑆 − 𝐼 
 
where S is the number of susceptible people in the population, I is the number of infected people, 𝛽 is the rate of transmission, 𝛾 is the rate of recovery, 𝛿 is the rate of waning immunity, and N is 
the population size, which is held constant at 25,000.  Simulations consisted of a 300-member 
ensemble integrated using the data assimilation methods described below. For each ensemble 
member, initial values for the parameters and state variables were randomly selected from 
prescribed ranges using Latin Hypercube sampling (Table S1). Prescribed ranges were 
determined based on preliminary model fitting and estimates of duration of infection, incubation 
period, and waning immunity from the Center for Disease Control and Prevention. 
Mapping data to number of infected. We assimilated under-5 weekly observed case 
counts of diarrhea into the model state using a scaling factor, a, that maps diarrhea observations 
to total diarrhea. Given Bayes’ rule:  
𝑝(𝑑𝑖𝑎𝑟𝑟ℎ𝑒𝑎) = 	 𝑝(𝑚)𝑝(𝑚	|	𝑑𝑖𝑎𝑟𝑟ℎ𝑒𝑎) 	𝑝(𝑑𝑖𝑎𝑟𝑟ℎ𝑒𝑎	|	𝑚)	 = 	𝛼 ∗ 𝑝(𝑑𝑖𝑎𝑟𝑟ℎ𝑒𝑎	|	𝑚) = 	𝛼 ∗ (𝑑𝑖𝑎𝑟𝑟ℎ𝑒𝑎	𝑐𝑎𝑠𝑒𝑠) 
Here, 𝑝(𝑑𝑖𝑎𝑟𝑟ℎ𝑒𝑎) represents the probability of under-5 diarrhea, 𝑝(𝑚) represents the 
probability a child seeks medical care for any reason, 𝑝(𝑚	|	𝑑𝑖𝑎𝑟𝑟ℎ𝑒𝑎) is the probability a child 
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seeks medical care given he or she has diarrhea, and 𝑝(𝑑𝑖𝑎𝑟𝑟ℎ𝑒𝑎	|	𝑚) is the probability a child 
has diarrhea given he or she seeks medical care (which is represented by our observations). We 
define the scaling factor a as 𝑝(𝑚) 𝑝(𝑚	|𝑑𝑖𝑎𝑟𝑟ℎ𝑒𝑎)⁄ , and use under-5 diarrhea observations to 
represent 𝑝(𝑑𝑖𝑎𝑟𝑟ℎ𝑒𝑎	|	𝑚).We tried many different values for a, and ultimately chose a =60 in 
the wet season and a =40 in the dry season, which produced diarrhea forecasts with the lowest 
root mean square error (RMSE) between predicted and observed diarrhea cases.   
Observational error variance (OEV). OEV is an input for the data assimilation algorithm 
that represents the error associated with the observations. Here we use the OEV structure 
presented by Shaman et al. (2012), where OEV for observations at week k is represented as:  
 
𝑂𝐸𝑉O = 	 ⎣⎢⎢
⎡2×2TUV	WXYZ[\][\^ _`abbcdaY] efU2T ⎦⎥⎥
⎤
   (4) 
 
The OEV increases in this structure in proportion to the sum of the prior three weeks of 
observations. We tested different OEV levels by changing the denominator to 1,10, and 100. 
Calibration analyses (described below) showed that the model was best calibrated when the 
denominator was set to 10.  
Model-Data Assimilation Methods. We used the Ensemble Adjusted Kalman Filter 
(EAKF)(Anderson, 2001) in conjunction with observations of under-5 diarrhea rates to 
iteratively update estimates of the SIRS model state variables and parameters. Similar 
assimilation, or filtering, methods have previously been used for system optimization and 
forecasting of diseases such as human influenza (Dukic et al., 2012; Ong et al., 2010; Shaman et 
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al., 2013b; Shaman and Karspeck, 2012), Ebola (Shaman et al., 2014), West Nile virus (DeFelice 
et al., 2017) and Dengue (van Panhuis et al., 2014).  
Here, 300 ensemble members were initialized using randomly selected parameters and 
state variables. These ensemble members were then parallelly integrated forward in time, using 
the SIRS compartmental model equations, until the first diarrhea observation of the season. The 
model integration was then halted and the estimates of the observed and unobserved states and 
parameters at this time point were deemed the prior. The EAKF then updated the prior estimates 
using the under-5 diarrhea observation for that time point, generating a posterior distribution of 
observed and unobserved parameters and state variables. The updated SIRS model was then 
integrated forward to the next observation, and the assimilation process was repeated. This 
iterative updating ‘trained’ the model to not only better estimate observed conditions but also 
infer the unobserved state variables and epidemiologically significant parameters. That is, by 
training the model to replicate observations as thus far observed, the ensemble of simulations 
converged to variable and parameter estimates that better matched the evolving dynamics of the 
current outbreak. Integration of the optimized ensemble of simulations into the future without 
further updating was then used to generate forecasts.  
 
Syndromic parameter inference 
 Results from synthetic testing, in which the model-inference systems is applied to known, 
model-generated outbreaks, indicated that our model system can accurately infer important 
outbreak parameter values, including 𝛿 (the rate of waning immunity) and the basic reproductive 
number R0, which is defined as 𝛽/𝛾 (see supplement for details, Figure S1). Our model is 
representing diarrhea as a syndrome instead of a pathogen specific disease, so R0 can be thought 
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of as the force of transmission for one or more pathogens and 𝛿 could describe the typical period 
between infections rather than waning immunity. The SIRS-EAKF system was fit to under-5 
diarrhea observations for each year in the wet and the dry season 10 times (to account for 
stochasticity during model initialization). Mean posterior estimates of 𝛿 and R0 were extracted at 
the peak of each seasonal outbreak for 2007-2016.  
 
Retrospective forecasts and model calibration  
 We produced retrospective weekly forecasts for the wet and dry seasons of 2007-2016.   
Each week, following EAKF updating of the ensemble of simulations, forecasts were generated 
using the most recent posterior estimates by simply integrating the SIRS model through time 
until the end of the season without further updating. This process was repeated every week, and 
each successive forecast assimilated one additional week of data. In the dry season, forecasts 
began at week 18 and were made consecutively until week 52. Wet season forecasts began at 
week 50 and continued to week 20.  Diarrheal cases did not rise above the subtracted baseline 
during the 2014-2015 wet season or the 2008, 2014, and 2015 dry seasons, so no forecasts were 
generated for these seasons. 
 Forecast accuracy was determined by comparing the mean ensemble trajectories with 
observed under-5 diarrhea cases. Specifically, we focused on three epidemiologically important 
parameters: peak timing, peak intensity, and overall attack rate. Peak timing is defined as the 
week with the highest incidence of diarrhea cases, peak intensity is the total number of cases at 
the peak, and the attack rate is the total number of cases during the outbreak.  Forecasts were 
deemed accurate if they (1) peaked within ±1 week of the observed peak, (2) projected peak 
intensity within ±25% of the observed peak intensity, or (3) projected a total attack rate within 
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±25% of the observed attack rate. Forecast accuracy was compared based on predicted lead 
week, i.e. how many weeks before or after the predicted peak the forecast was generated.  
 Forecasts generated by the SIRS-EAKF model were compared to forecasts based only on 
historical data. Historical predictions for a season were made using the median of observed peak 
timing, peak intensity, and attack rate from all other years in the dataset. In other words, the 
median observation across all years except yeart was taken to be the prediction for yeart. 
Accuracy was evaluated as for the SIRS-EAKF forecasts.  
 Lastly, we evaluated the calibration of the SIRS-EAKF forecasts. The assimilation 
approach is based on the assumption that both the model and observations represent the true state 
of the population with error. While we validate our forecasts using observations, we also need to 
verify that the model is not overfit to the data. To assess this, we calculated the percentage of 
observations falling within the forecast ensemble spread. For example, a 95% ensemble 
prediction interval for diarrhea incidence should include diarrhea observations 95% of the time, 
across all years and seasons.  
 
Results 
Retrospective simulations and syndromic parameter inference 
The SIRS-EAKF model system was able to simulate under-5 diarrhea outbreak dynamics 
across all years in the wet and dry seasons (Figures S2 and S3). The average RMSE and 
correlation between the observations and simulations across all wet season outbreaks was 0.79 
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and 0.99, respectively. Similarly, average RMSE and correlation across dry season outbreaks 
were 1.33 and 0.99, respectively.  
 
Figure 2. Parameter estimates across seasons. Estimates in both the wet season and dry season 
are shown in (A) for duration of immunity (1/𝛿) and (B) for the basic reproductive number R0. 
The boxplots show variation in estimates from 10 simulations run each year.  
 
Estimates of the duration of immunity (1/𝛿) were very similar between the wet season 
(mean=74.1 days) and the dry season (mean=76.4 days) (Figure 2). However, there was a range 
of duration of immunity (1/𝛿) estimates across years in both seasons (Figure 3). In the dry 
season, mean duration of immunity estimates ranged from 22.2 in 2013 to 185.2 days in 2009. 
The range of mean duration of immunity estimates in the wet season was slightly smaller; the 
lowest estimate was 28.6 days in 2011-2012 and the highest was 113.8 days in 2009-2010.  
 The mean estimated basic reproductive number R0 was higher in the wet season (1.94) 
than the dry season (1.67) (Figure 2). Similar to the 𝛿 estimates, R0 estimates ranged across 
years. Dry season estimates mostly ranged from 1.5-2 except for estimates from 2009, which 
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ranged from 2.5-4.5 (Figure 4). In the wet season, R0 estimates remained between 1.5 and 2.5 
across all years. 
  
Figure 3. Estimates of the duration of immunity (1/𝛿) in days across years and seasons. 
Estimates for duration of immunity (1/𝛿) are shown for the dry season (A) and wet season (B) 
across years. Here we are modeling diarrheal disease as a syndrome caused by multiple 
pathogens, so 1/𝛿 can be interpreted as the typical period between infections rather than waning 
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Figure 4. Estimates of the basic reproductive number (R0) across years and seasons. Estimates 
for R0 are shown for (A) the dry season and (B) wet season across years. Here we are modeling 
diarrheal disease as a syndrome caused by multiple pathogens, so R0 describes the force of 
transmission for one or more pathogens that may vary through time. Boxplots show variability in 
estimates across the 10 simulations run each year. 
 
 Retrospective forecasts 
 Figure 5 shows retrospective forecast accuracies across seasons for peak week timing, 
peak intensity, and overall attack rate. Accuracy metrics are shown based on the predicted lead 
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week (i.e. the number of weeks before or after the predicted peak week the forecasts were 
generated) and compared with predictions derived from historical distributions. 
Predictions for peak intensity reached very high accuracy for both the wet (98%) and dry 
(84%) seasons when they were initiated one week after the predicted peak week. Historical peak 
intensity accuracies were similar for the wet season (38%) and dry season (33%). Accuracy of 
dry season forecasts did not markedly exceed historical accuracy until one week after the peak, 
whereas wet season forecast accuracy exceeded historical accuracy beginning one week before 
the predicted peak.  
Dry season peak week timing forecast accuracy exceeded historical accuracy at all lead 
weeks, and reached over 50% accuracy two weeks before the predicted peak. Historical 
prediction accuracy for peak week was higher in the wet season, indicating greater regularity in 
the timing of these outbreaks; retrospective forecasts during the wet season only improved on 
historical accuracy when initiated after the predicted peak.  
 Lastly, retrospective forecasts poorly predicted overall attack rate within ±25% of the 
observed attack rates. Dry season forecasts never exceeded 50% accuracy, and wet season 
predictions never exceeded 75% accuracy. However, our model-inference system predictions 
outperformed historical predictions beginning six and three weeks before the predicted peak for 
the dry and wet seasons, respectively.  
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Figure 5. Improvements in forecast accuracy achieved over predictions made based on historical 
distributions. Forecast accuracy is shown for three metrics: (A) peak intensity (proportion of 
forecasts accurate within 25% of observed peak intensity), (B) peak week timing (proportion of 
forecasts accurate within ±1 week), and (C) attack rate (proportion accurate within 25% of 
observed attack rate). Dry season accuracies are shown in red and wet season accuracies are 
shown in blue. Historical accuracy is represented by dashed lines, while SIRS-EAKF forecast 
accuracy are solid lines. The x-axis represents the timing of the forecast in relation to the 
predicted peak week; negative values represent forecasts made before the predicted peak. The 
size of the points represents the number of forecasts produced at each predicted lead week. 
 
Calibration 
 Forecasts were generally well calibrated but were better calibrated in the dry season than 
the wet season (Figure 6). Forecasts of attack rate made prior to the predicted peak were well 
calibrated in the dry season, but underdispersed in the wet season. Model prediction intervals for 
dry season peak week timing and peak intensity were well calibrated when made 0-4 weeks 
before the predicted peak, but slightly overdispersed when made more than 4 weeks in advance. 
In contrast, wet season forecasts made 2-6 weeks before the predicted peak were well calibrated, 
but forecasts made 0-1 weeks before the peak were underdispersed and those made 6 or more 
weeks before the peak were overdispersed.   
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Figure 6. Calibration across seasons and accuracy metrics. Calibration of forecasts generated 
before the predicted peak are shown by the solid colored lines. The x-axis represents the 
ensemble prediction interval (PI) percentiles of the forecasts and the y-axis represents the percent 
of observations that fall within those prediction intervals. The dashed line represents a 1:1 line of 
an ideally calibrated forecast model. Calibration is shown for (A) peak intensity, (B) peak week 
timing, and (C) overall attack rate.  
 
Discussion 
 In this paper we estimated epidemiologically important syndromic parameters for under-5 
diarrhea outbreaks in Botswana and demonstrated that a compartmental model coupled with data 
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assimilation can be used to generate accurate forecasts of diarrheal disease. Compartmental 
epidemiological models are commonly used to model the propagation of a single pathogen 
through a population, but here we employ this model form to simulate a syndrome. Similar 
applications of compartmental models have been used for influenza-like illness, which represents 
multiple, non-specified respiratory pathogens that vary from year-to-year (Shaman and 
Karspeck, 2012, Biggerstaff et al., 2016). 
Utilizing a compartmental model to represent a syndrome implies that parameter 
estimates must be interpreted carefully. In an SIRS model representing the dynamics of one 
pathogen, R0 represents the number of secondary infections resulting from one infected 
individual in a completely susceptible population, and	𝛿 represents the rate of waning immunity 
to that pathogen (Diekmann and Heesterbeek, 2000). Here, R0 describes the force of transmission 
for one or more pathogens that vary through time and 𝛿 describes the typical period between 
infections rather than waning immunity, per se.  Our findings showed that R0 estimates were 
higher on average in the wet season (1.94) than the dry season (1.67) but varied largely across 
years. These R0 estimates generally fall within established R0 ranges for specific diarrhea-causing 
pathogens (Table 1). Our average estimates for 𝛿 were similar between seasons, but also differed 
greatly among years.  
These differences in estimated R0 and	𝛿 among years and seasons support the notion that 
the dominant diarrhea causing pathogens vary over time; however, we cannot infer which 
particular pathogens are prevalent in a given season or year.  Further, the limited number of 
systematic etiologic studies in Botswana prevents determination of the pathogens responsible for 
diarrhea outbreaks across seasons and years; however, there is an expectance that dry and wet 
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season pathogens differ. For instance, studies have shown that rotavirus prevalence in Botswanan 
children is highest during the dry season (June-October). 
Table 1. R0 estimates for diarrhea-causing pathogens 
  
R0 Reference 
E.coli 0157:H7 ~1 (Woolhouse, 2002) 
Shigellosis 1.02-2.3 (Joh et al., 2013) 
Giardia 1.08 (Waters et al., 2016) 
Rotavirus 1.2-25 (de Blasio et al., 2010; Pitzer et al., 2012, 2011, 
2009)  
 
  The model-inference system developed here was also able to accurately simulate and 
predict under-5 diarrhea outbreaks. Forecasts of under-5 diarrhea with higher accuracy than 
historical predictions (i.e., predictions based on historical distributions) were generated up to six 
weeks before the predicted peak of the outbreak, and accuracy increased over the progression of 
the outbreak. Most notably, forecast accuracies for dry season peak week timing and total attack 
rate, as well as wet season total attack rate, were higher than historical prediction accuracies 
prior to the predicted peak. In addition, forecasts generated after the predicted peak for all 
metrics and seasons were more accurate than historical predictions. Forecasts after the peak 
remain important for affirming that cases will not rise higher in the future and for quantifying 
overall attack rates. 
 Such accurate predictions of under-5 diarrhea outbreaks, if generated in real time, could 
help officials anticipate, respond to, and mitigate childhood diarrhea outbreaks. The majority of 
diarrhea-related deaths and cases of extreme dehydration can be prevented with a cheap and 
simple mixture of clean water, sugar, and salt called oral rehydration salts (ORS) (Desforges et 
al., 1990). Predictions of peak timing and peak intensity at several week lead times could help 
inform vaccine distribution, hospital and clinic staffing, and the management of healthcare 
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supplies (e.g. ORS) and beds in anticipation of patient surges. Public health warnings and 
intervention recommendations are being distributed in Botswana by the Government through 
different media including SMS messages to owners of cell phones. This forecast system could 
inform the nature and frequency of public health messaging. Predictions may also increase 
household health behaviors. For example, parents may focus more effort on securing safer 
sources of water that might be purchased, filtered or boiled; increasing hand washing; and 
making sure their children avoid close contact with other children while sick. Predictions could 
also influence health-seeking behaviors. Heightened awareness of the impending peak of 
diarrheal disease cases may sensitize parents to the threat and encourage greater communication 
and response to diarrheal disease in the household.    
While these forecast models have potential to improve children’s health, the real-time 
surveillance data they require are rarely available. Here, we have demonstrated forecast accuracy 
using retrospective data.  To generate operational, real-time forecasts, under-5 diarrhea incidence 
would need to be surveilled and made available to modelers quickly and regularly. The 
Botswana Integrated Disease Surveillance and Response Program (IDSR) was developed to 
provide healthcare professionals with information about ongoing disease outbreaks in Botswana. 
This data is not, however, available to the public. Even if data were accessible, long lag times 
between patient presentation and public release of data greatly reduce the utility of predictive 
models such as the one we present here. Hence, researchers, healthcare providers, and public 
health workers in Botswana and around the world must promote and support the collection of 
high quality real time diarrhea surveillance that can be accessed quickly and used to inform 
public health responses.  
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Supplementary Information 
 
Synthetic Testing  
 To validate that the EAKF filter can accurately estimate the state variables and 
parameters of the SIRS model, we performed a synthetic test of the SIRS-EAKF system using 
known, model-generated outbreaks.  Specifically, we generated ten sets of “true” outbreaks using 
prescribed parameters and initial conditions, and then tested the ability of the model-inference 
system to accurately infer those prescribed parameters. Random error was added to each set of 
true incidence observations using the OEV in Equation 4 (main text) to generate 100 sets of 
observations for every “truth”.  The SIRS-EAKF model was then run with each set of 
observations, and the inferred parameters were compared to the true parameters.  
 The model accurately inferred the rate of waning immunity 𝛿 and the basic reproductive 
number R0 (which is 𝛽/	𝛾), but did not accurately infer 𝛽 or 𝛾 individually (Figure S1 shows 
results from one “true” outbreak but results were consistent across all “true” outbreaks). The 
parameters 𝛿 and R0 were most accurately inferred at the time of the outbreak peak. Therefore, 




Figure S1. Synthetic testing results showing estimates of A) diarrhea cases; B) 𝛽; C) 𝛾; D) 𝛿; 
and E) R0. Red lines represent the true values and boxplots represent the fitted parameter or state 
value throughout the outbreak. The boxplots represent 100 simulations run with 100 different 
synthetic observations.  
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Figure S2. Retrospective fitting for the dry season. The observed under-5 diarrhea cases are 
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Figure S3. Retrospective fitting for the wet season. The observed under-5 diarrhea cases are 
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Beta 0.1 0.8 
Gamma 0.05 0.5 
Delta 0.005 0.04 
Susceptible 17500 22500 
Infected 1 100    
* Ranges were determined based on 
preliminary model fitting and estimates of 
duration of infection, incubation period, 
and waning immunity from the Center for 
Disease Control and Prevention 













 This dissertation aimed to understand the relationships between environmental variability 
and under-5 diarrhea, and to develop accurate prediction systems for under-5 diarrhea in 
Botswana. In this chapter, we discuss our findings in two main sections: 1) Relationships 
between hydrometeorology and under-5 diarrhea, and 2) Predictions of under-5 diarrhea. Within 
each of these sections, we summarize our findings, discuss public health implications, and lay 
out future research directions.  
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Relationships between hydrometeorology and under-5 diarrhea 
Summary of findings 
In this dissertation we linked hydrometeorological and El Niño-Southern Oscillation (ENSO) 
variability to under-5 diarrhea dynamics in Chobe District, Botswana. Chobe District has distinct 
wet (October – March) and dry seasons (April – September) and experiences annual flooding of 
the Chobe River that peaks in late March. On average, Chobe district has two outbreaks of 
under-5 diarrhea each year, one in the wet season (peaking in January) and one in the dry season 
(peaking in August). In Chapter 2, we found that wet season under-5 diarrhea incidence was 
positively associated with rainfall, Chobe River height, and Chobe River E. coli concentration. 
Conversely, we found that under-5 diarrhea incidence in the dry season was negatively 
associated with Chobe River height, and positively associated with Chobe River total suspended 
solids (TSS) levels. In Chapter 3, we demonstrated that La Niña conditions were associated with 
increased rainfall, higher Chobe River flooding, and higher under-5 diarrhea incidence during 
December – February. Together, these results suggest that hydrometeorological variability is an 
important driver of under-5 diarrhea incidence in this region.  
Figure 1 summarizes the possible mechanistic explanations for our results. At the 
beginning of the wet season, when the Chobe River is at its lowest level, rainfall flushes fecal 
matter and diarrhea-causing pathogens from the surrounding land into the river. In the coming 
months, the Chobe River height rises and floods the surrounding land (floodplains) due to both 
increased local rainfall and upstream rainfall in the Angolan highlands. This flooding results in 
the suspension of fecal material, sediment, and pathogens from the floodplains in the river water. 
Higher levels of diarrhea-causing pathogens in the water lead to heightened risk of diarrhea 
infection when the water is consumed. Anomalously wet conditions associated with La Niña 
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conditions produce more extreme runoff and wider expansion of the river onto floodplains, 
which further increases the number of pathogens in the Chobe River and amplifies under-5 
diarrhea incidence.  
 
Figure 1. Diagram of the 
mechanisms connecting 
hydrometeorology to river water 
quality across the year. In the wet 
season, rainfall increases leading 
to runoff of fecal material and 
diarrhea-causing pathogens into 
the Chobe River. Simultaneously, 
the Chobe River level rises and 
submerges flood plain regions. 
This results in suspension of fecal 
material and pathogens in the river 
water. In the dry season, rainfall is 
very rare, and the Chobe River 
recedes from the flood plains. This 
concentrates existing pathogens in 
the water. Due to drying of other 
surface water resources, wildlife 
also gathers along the river, 
resulting in increased fecal matter 
and animal-transmitted pathogens 
in the water. 
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During the dry season, rainfall is rare and Chobe River height recedes from the 
floodplains into the river basin. Additionally, other sources of surface water dissipate, forcing 
wildlife to gather near the river. Increased animal fecal material and diminishing river volume 
concentrate suspended sediment and diarrhea-causing pathogens in the water, which remains the  
primary drinking water source for the Chobe District human population. As discussed at length 
in Chapter 2, high concentrations of suspended sediment in the river enhance pathogen survival 
and limit the effectiveness of water treatment processes (Sherer et al. 2010; Walters et al. 2014). 
Here, we found that higher concentrations of sediment and pathogens were associated with 
increased rates of diarrhea during the dry season. 
 
Need for direct measurements of household water quality  
While these mechanistic links are supported by our findings, we cannot directly 
demonstrate that pathogen concentrations in river water directly influence diarrhea infection risk 
without household water quality measurements. As of 2013, 97% of households in Chobe 
obtained water from a private or public tap (Central Statistics Office of Botswana 2013), and one 
study reported that residents had limited direct contact with Chobe River (Alexander and 
Blackburn 2013). Hence, we assume that most residents of Chobe District obtain water from 
Chobe River that has passed through a water treatment facility. Future work is needed to 
investigate whether variability in river water quality is associated with water quality in 
households. If a positive association is found, as we expect it would be, the effectiveness of 
existing water treatment infrastructure must be investigated and improved upon to protect 
residents from diarrhea-causing pathogens in the Chobe River.  
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Importance of hydrometeorology-diarrhea studies in flood pulse regions 
 While previous work has focused on the impacts of single anomalous flooding events on 
diarrheal disease, our results suggest that it is also important to study the effects of seasonal 
flooding on under-5 diarrhea. Flood pulse regions like Chobe District are a subset of floodplain 
regions common across the tropics characterized by regular oscillations between flooding and 
drought (Tockner et al. 2000). Tropical floodplain regions are located in resource-poor areas and 
are home to some of the world’s highest under-5 diarrhea mortality rates (Figure 2). Current 
knowledge surrounding the impacts of flooding on diarrhea relies mostly on studies of 
anomalous acute flooding events (Levy et al. 2016). While these studies are useful for 
understanding local mechanisms of diarrhea transmission and predicting acute patient surges, an 
inherent limitation is that single anomalous events, while easily identifiable, cannot explain 
seasonal diarrhea dynamics. In contrast, as we showed in Chapter 2, regular flood pulse 
dynamics can have significant and predictable effects on seasonal water quality and under-5 
diarrhea and explain a large proportion of the variability in diarrhea incidence. However, little 
work to date has explored the impacts of flood pulse dynamics on annual or seasonal diarrhea 
due to a paucity of longitudinal diarrhea surveillance data in these regions. Elucidating and 
preventing the effects of seasonal floods and droughts (i.e., flood pulse systems) on diarrheal 
disease has the potential to mitigate seasonal diarrhea outbreaks each year by informing 
interventions, such as seasonal changes in water treatment, hygiene behavior, or oral rehydration 
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Figure 2. Under-5 diarrhea mortality rates per 100,000 population (Troeger et al. 2017) 
overlaid by tropical floodplain regions (hatched black lines) (Lehner et al. 2008). 
 
 
Extending findings and approach to other flood pulse regions 
Our study approach can be used in future analyses of hydrometeorological links to 
diarrhea in other flood pulse regions; however, because flood pulse diarrhea relationships likely 
depend on local sociocultural, environmental, and infrastructural factors, our results may not be 
consistent with other contexts. Chobe District may be unique from other flood pulse regions in 
its high density of wildlife, exclusive reliance on surface water by human populations, and its 
basic sanitation and water treatment systems. To our knowledge, there have only been two other 
studies – both in the Mekong Delta of Vietnam – of diarrheal disease dynamics in flood pulse 
regions published to date (Phung et al. 2014a, 2014b). In these studies, both diarrheal disease and 
pediatric hospital admissions (for several causes including diarrhea) were positively associated 
with river height during the wet season but no dry season outbreaks were observed. These 
findings suggest that the drivers of dry season diarrhea outbreaks in Chobe District, such as 
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wildlife congregation and sediment concentration in the river, may not be relevant in this flood-
pulse region of Vietnam. Our multimodel inference framework can be used to study the impacts 
of flood pulse hydrodynamics on water quality and diarrheal disease, but future studies should 
integrate appropriate data sources to elucidate how local socioeconomic, environmental, and 
ecological factors modify environment-disease relationships across different regions.  
 
Motivating the study of ENSO-diarrhea relationships in other regions 
The clear and robust relationships between ENSO, local meteorology, and under-5 
diarrhea dynamics indicate that ENSO variability – a well understood, global phenomenon – may 
be leveraged to predict local diarrhea outbreaks in resource- and data-poor parts of the world. 
ENSO-driven changes in meteorological conditions, such as those observed in South and East 
Africa, South and Southeast Asia, Australia, and South America (Figure 3), will likely impact 
diarrhea transmission in regions where climate variability influences local diarrhea dynamics. In 
Chapter 4, we demonstrated that ENSO variability can be used to predict diarrhea incidence from 
December – February in Chobe District up to 5 months in advance. Connections between ENSO 
events and diarrhea outbreaks have previously been established in Peru, Bangladesh, and China, 
and between ENSO events and cholera outbreaks in East Africa (discussed further in Chapter 1) 
(Alajo et al. 2006; Bennett et al. 2012; Checkley et al. 2000; McGregor and Ebi 2018; Moore et 
al. 2017; Nkoko et al. 2011; Pascual et al. 2000; Rodo et al. 2002; Salazar-Lindo et al. 1997; 
Zhang et al. 2007). However, Figures 2 and 3 suggest that there are many other regions of the 
world with high diarrhea burdens that also experience strong ENSO teleconnections, such as 
India, Indonesia, and sub-Saharan Africa. Future work must build our understanding of how 
ENSO influences diarrheal disease across diverse geographies, environments, and cultures, and 
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leverage ENSO-diarrhea relationships to develop targeted interventions and early warnings 
systems that lessen the burden of childhood diarrhea.  
 
Figure 3. The impacts of ENSO on meteorology (i.e. ENSO teleconnections) around the 
world. Teleconnections are shown for El Niño events during (A) December – February and (C) 
June – August. Teleconnections for La Niña events are shown during (B) December – 
February and (D) June – August. This figure was adapted from McGregor and Ebi, 2018.  
 
 
Social, cultural, and economic factors needed to inform causal pathways and interventions 
 There remains limited understanding of how social, cultural, and economic variables 
modify and mediate hydrometeorology-diarrhea relationships. Most existing work, including 
Chapters 2 and 3 of this dissertation, investigate retrospective associations between 
hydrometeorological variability and diarrhea without including sociocultural or economic 
information (Levy et al. 2018). These studies provide important first steps towards understanding 
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the effects of weather and climate on diarrheal disease and are easier to undertake due to the 
availability of meteorological and diarrhea data, but they are unable to establish causal pathways 
between hydrometeorological change and diarrhea. Here, our results suggest that 
hydrometeorological variability alters Chobe River water quality, which then influences the risk 
for under-5 diarrhea. However, as discussed above, we cannot establish this causal link due to a 
lack of information on household water quality, water use behaviors, and health seeking 
behaviors. Future work in Botswana and globally must incorporate these types of social, cultural, 
behavioral, and demographic information to establish causal pathways and inform targeted 
interventions.  
 When considering the effects of climate change on diarrheal disease, it is particularly 
important to consider sociocultural and economic context. A community’s vulnerability to 
climate change is a function of not only its exposure to climatic change but also its sensitivity to 
these changes, and its ability to adapt (Field et al. 2014). Sensitivity refers to how intensely the 
community experiences health effects of environmental change and, in the context of diarrheal 
disease, may be determined by factors such as water treatment and delivery systems, wastewater 
treatment and sanitation systems, hygiene behaviors, health behaviors, housing conditions, and 
socioeconomic status. Adaptive capacity of a community is its ability to establish, rebuild, or 
change infrastructure and/or its behavior in response to environmental change and may depend 
on social capital, government structure, and education levels (Levy et al. 2018). It is critical to 
understand all of these factors when designing interventions to buffer communities from the 
health effects of climate change.  
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Predictions of under-5 diarrhea  
Summary of findings 
In this dissertation, we generated and evaluated diarrhea predictions using three different 
model systems. In Chapter 2, we used multimodel inference to generate average predictions of 
weekly under-5 diarrhea incidence. Prediction accuracy was higher for multimodel average 
predictions than for predictions generated by the “top” model, indicating that predictions 
generated with averaged models outperform even the best single model. Correlations between 
weekly multimodel average predicted and observed under-5 diarrhea cases varied greatly 
between years but were relatively high, on average, in both the wet season (mean=0.67) and the 
dry season (mean=0.70). While this indicated that our averaged model explained a large 
proportion of weekly under-5 diarrhea variability (pseudo R-squared values averaged 0.60), the 
predictions themselves are unlikely to be useful for public health decisions makers or healthcare 
workers because they can only be generated one week in advance.  
 In Chapter 3, we used Niño 3.4, a sea-surface temperature index for ENSO, to predict 
under-5 diarrhea cases during December – February with lead times of up to 5 months. We 
showed that La Niña conditions (i.e., negative Niño 3.4 anomalies) during September – February  
predicted larger under-5 diarrhea outbreaks in December – February. Unlike the one-week-ahead 
multimodel average predictions, the ENSO-based predictions have utility for public health and/or 
healthcare workers. ENSO information is freely available online and could be used in real-time 
to predict under-5 diarrhea outbreak magnitudes during December – February. Healthcare 
workers and public health officials could use this information to prepare for hospital bed 
demand, make healthcare worker staffing decisions, and allocate treatment resources in 
anticipation of patient surges. While this information is useful, ENSO only informs under-5 
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diarrhea dynamics during three months of the wet season, which on average account for 24% of 
annual under-5 diarrhea cases. ENSO information can not inform predictions of under-5 diarrhea 
during the other nine months of the year.   
 Lastly, in Chapter 4 we developed a model-inference system to forecast under-5 diarrhea 
outbreaks in the wet and dry seasons. This model did not include environmental variables, but 
instead dynamically modeled the transmission of under-5 diarrhea infections. We showed that 
our model-inference system improved upon historical expectance and was able to generate 
accurate forecasts of peak timing, peak intensity, and seasonal attack rates up to 6 weeks in 
advance in both the wet and the dry seasons. Additionally, we demonstrated that the model-
inference system was relatively well calibrated, especially for dry season attack rate and peak 
timing predictions, which enables explicit quantification of prediction uncertainty. This work 
shows, for the first time, that a dynamic compartmental model coupled with data assimilation can 
be used to generate accurate short-term predictions of diarrhea syndrome.  
 
Need for environmentally driven mechanistic models  
New process-based modeling methods are needed to fully quantify and mitigate the risks 
diarrhea poses to children’s health (Mellor et al. 2016). While prior studies, including Chapters 2 
and 3 of this dissertation, have found important associations between hydrometeorology and 
diarrhea incidence, the statistical methods employed have primarily assumed linear relations 
between variables. These models are not structure to capture the more complicated, nonlinear, 
and interdependent processes linking environmental factors to diarrheal disease. Furthermore, 
they do not account for the nonlinear dynamics of diarrhea transmission. In Chapter 4, we 
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showed that a dynamic compartmental model could be used to accurately forecast under-5 
diarrhea outbreaks; however, this model did not include environmental forcing.  
Environmentally-driven dynamic models have been successfully used to generate 
accurate seasonal forecasts for several other infectious diseases, suggesting they will also be 
useful for diarrheal disease prediction. Climate variables have long been recognized as important 
drivers of vector-borne infections – such as malaria, dengue, and West Nile Virus – and of 
respiratory illnesses such a of influenza (Patz et al. 2003; Shaman and Kohn 2009), and are have 
been used to dynamically model the transmission of these pathogens (Morin et al. 2013; Parham 
and Michael 2010; Paz 2015; Shaman and Karspeck 2012). Over the last decade, researchers 
have invested significant resources into developing seasonal infectious disease forecast models 
to aid public health preparedness and have shown that climate information improves forecast 
accuracy for many disease systems (Kelly-Hope and Thomson 2008). Using a model-inference 
system similar to the one developed in Chapter 4, DeFelice et al. (2018) showed that forecast 
models for West Nile Virus that included the effects of temperature on transmission produced 
more accurate forecasts than models without environmental drivers (DeFelice et al. 2018). 
Similarly, human influenza forecasts were shown to be more accurate when model-inference 
systems included the effects of humidity on transmission (Shaman et al. 2017). Given the strong 
links between hydrometeorology and diarrheal disease, incorporating environmental drivers into 
a mechanistic transmission model for diarrhea will likely improve forecast accuracy.  
Hence, future work must explicitly incorporate hypothesized relationships between 
environmental conditions and diarrhea into dynamic models. Such mechanistic representation, if 
able to simulate observed diarrhea outcomes, would provide further understanding of underlying 
pathogen transmission pathways and how they are differentially affected by environmental 
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changes. These insights would not only deepen the understanding of the environmental drivers of 
diarrheal disease but also improve the accuracy of diarrheal forecasting and possibly enable the 
design and implementation of targeted interventions that reduce transmission and improve health 
outcomes.  
 
Use of climate information to predict infectious disease outbreaks  
 A growing body of research is advocating for the inclusion of climate information into 
early warning systems for waterborne and vector-borne infectious diseases (Ceccato et al. 2018; 
Thomson et al. 2019, 2018). In Chapter 3, we provided evidence that ENSO information can be 
used to predict the incidence of under-5 diarrhea from December – February (DJF) in Chobe 
District. ENSO conditions are predictable three to nine months in advance (Barnett et al. 1988), 
and our model included a five month lag time between ENSO conditions and diarrhea incidence 
in DJF. Hence, current and future ENSO conditions, which are freely available online through 
National Oceanic and Atmospheric Administration (NOAA) (NOAA 2019), could be used to 
predict wet season diarrhea outbreaks in Chobe District, Botswana up to one year in advance.  
Our findings demonstrate how readily available climate information can be used for 
infectious disease prediction in resource-poor areas that have limited ability to prospectively 
surveil and investigate disease outbreaks. Future work must continue to investigate the 
connections between climate variability and infectious disease, including diarrhea, with the 
ultimate goal of incorporating climate information into public health decision making. Climate-
driven early warning systems have the potential to mitigate infectious disease morbidity and 
mortality through informing vaccine and treatment distribution, prevention strategies such as 
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water disinfection, and public health alert systems that encourage healthy behavior such as 
improved hygiene.  
 
Need for pathogen-specific diarrhea surveillance and prediction models  
In this dissertation we rely on case reports for diarrhea, which is a syndrome caused by 
many different pathogens (viruses, bacteria, and protozoa) that have differing transmission 
pathways and dynamics. As discussed in Chapter 1, there is a poor understanding of the 
etiological agents that drive diarrhea outbreaks in Botswana, so we are unable to make 
conclusion or inference regarding the dynamics or environmental drivers of specific diarrhea-
causing pathogens. While we demonstrate in Chapter 4 that a compartmental model can be used 
to simulate diarrhea as a syndrome, this type of model was originally designed for, and therefore 
functions better when simulating, the transmission of a single pathogen. To date, dynamic 
models have been widely used to study rotavirus and cholera transmission (Fung 2014; Lipp et 
al. 2002; Martinez et al. 2016; Nelson et al. 2009; Pitzer et al. 2009, 2011), but are rarely used to 
model other diarrhea-causing pathogens. This is primarily due to a paucity of pathogen-specific 
diarrhea surveillance data. While diarrhea is a symptom that can be easily observed and 
diagnosed, the causal pathogen must be determined through laboratory testing of stool samples. 
This type of etiological surveillance is likely prohibitively expensive and labor intensive in 
resource-poor areas where diarrhea burdens are highest. As a result, existing etiological studies 
often rely on small cross-sectional samples (e.g. [Ali et al. 2005; Welch et al. 2013]) and are not 
useful for modeling studies that rely on longitudinal surveillance. Resources must be invested 
into pathogen-specific diarrhea surveillance to further the understanding of environmental-
diarrhea relationships and to generate diarrhea forecasts with higher accuracy.  
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Generalizability and impact of model-inference forecast methodology 
 In this dissertation we demonstrated for the first time that a relatively simple 
compartmental model data assimilation system could be used to accurately forecast diarrheal 
disease. The SIRS model structure was developed and traditionally used to represent the 
propagation of a single pathogen through a population, but we utilized it here to simulate the 
dynamics of a syndrome caused by multiple pathogens. Although the model-inference system is 
not explicitly representing the transmission of all diarrhea-causing pathogens, it was still able to 
simulate the dynamics of childhood diarrhea and generate accurate short-term forecasts of 
seasonal outbreaks.  
Our findings indicate that similar model inference systems can be applied to generate 
diarrhea forecasts in other regions that experience seasonal outbreaks of diarrhea. As discussed 
above, the collection of pathogen-specific diarrhea surveillance data would enhance diarrhea 
predictability but is often prohibitively expensive and labor-intensive. Here, we show that an 
SIRS model inference system can be used to generate accurate predictions of diarrhea using all-
cause diarrhea incidence data, which is more easily measured and already part of existing 
infectious disease surveillance around the world.  
Seasonal forecasts of childhood diarrhea have the potential to help healthcare officials 
anticipate, mitigate, and prepare for outbreaks. Predictions of peak timing, peak intensity, and 
overall attack rates could inform rotavirus vaccines distribution, stockpiling of treatment 
therapies, and planning of healthcare worker schedules in anticipation of outbreaks. The majority 
of diarrhea-related deaths and cases of extreme dehydration can be prevented with a cheap and 
simple mixture of clean water, sugar, and salt called oral rehydration salts (ORS) (Desforges et 
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al., 1990). Hence, obtaining sufficient ORS treatment in advance of diarrhea outbreaks would 
significantly mitigate childhood morbidity and mortality.  
 
Obstacles to operationalizing seasonal diarrhea forecasts  
While the prediction skill of infectious disease forecast models is greatly improving – due 
to increased computational power, data availability, and sophistication of modeling techniques – 
there remains limited incorporation of forecast models into public health decision making. There 
are currently two main obstacles to using forecasting models to inform decision-making: 1) lack 
of real-time health data availability; and 2) poor communication between modelers and decision 
makers (Nakazawa et al. 2018).  
Real-time data availability. Poor accessibility of high-quality health data in near-real-
time is one of the critical barriers to the use of seasonal forecast models in decision-making. 
Extensive resources and effort have been invested into making climate information and 
forecasting available to health researchers and decision makers in real-time, but considerably less 
emphasis has been placed on surveillance and real-time reporting of health data (Ceccato et al. 
2018; Nakazawa et al. 2018; Thomson et al. 2018). In Chapter 4, we trained and tested our 
model-inference system using retrospective weekly under-5 diarrhea data with a view towards 
real-time prediction. However, the under-5 diarrhea surveillance system in Botswana does not 
provide data in near-real-time; reports of diarrhea cases only become available each month and 
there are significant logistical and clerical challenges to obtaining these monthly reports. In fact, 
to our knowledge there are no diarrhea surveillance systems that currently provide data in near-
real-time anywhere in the world. Institutions in Bangladesh (International Centre for Diarrheal 
Disease Research) and Afghanistan (Disease Early Warning System) currently collect high 
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resolution under-5 diarrhea data, but we are not aware of any efforts to make these data available 
to researchers in near-real-time. Investment in diarrhea surveillance systems to collect and 
provide data in real-time is critical for enabling the operationalization of seasonal diarrhea 
forecasts. Such data provision is also critical for other disease forecasting systems, such as 
human influenza; the availability of real-time weekly influenza data from the Centers for Disease 
Control (CDC 2019) has enabled significant improvements in influenza forecast accuracy and its 
utility for decision making across the United States.  
Improved communication.  Communication between modelers and decision-makers also 
must improve to ensure that forecasts provide useful and actionable information. A recent study 
in the US found that more than 50% of public health practitioners who made decisions related to 
human influenza wanted forecast models to be more relevant to public health questions, 
increased communication with modelers, and more plain language when discussing model 
structure and results (Doms et al. 2018). For example, it is important for decision makers and 
modelers to communicate about the spatial scale of results that will best inform policy or 
intervention decisions. In the past, public health decision makers have criticized forecast models 
saying that the spatial scales of the health outcomes are too coarse and not useful for local-level 
decisions (Nakazawa et al. 2018). Additionally, modelers must tailor model prediction lead times 
to the time required to enact appropriate interventions. For instance, a diarrhea forecast model 
that predicts a peak two weeks in advance would not be useful if ORS treatment could only be 
obtained in four weeks. In these and many other ways, it is vital that modelers tailor forecast 
model results and communication towards important public health questions and relevant 
information for decision makers.  
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Additionally, accounting for uncertainty in decision-making is crucial, but effectively 
communicating uncertainty associated with forecasts is challenging. There are two main ways 
modelers must account for uncertainty: 1) accurately assessing uncertainty related to forecasts, 
and 2) communicating that uncertainty in a useful way to decision-makers. Often, the level of 
agreement among ensemble predictions is used to indicate the level of confidence in a forecast: if 
an ensemble prediction had a large variance, higher uncertainty would be associated with that 
prediction (Shaman et al. 2013). Climate forecasts often present uncertainty in terms of the 
probability that conditions will be in the bottom tercile (“below normal”), middle tercile 
(“normal”), or upper tercile (“above normal”) of historical observations. However, it has not yet 
been demonstrated how different expressions of uncertainty are best incorporated into public 
health decision making. Hence, improved dialogue between decision-makers and modelers must 
address the optimal ways of measuring and presenting uncertainty to allow for easier integration 
of forecast results into decision making.  
 
Conclusion 
Diarrheal disease burden has been declining worldwide, but climate change has the 
potential to slow down the progress of these reductions, especially in resource-poor areas where 
the diarrhea burden is highest (Hodges et al. 2014). The Intergovernmental Panel on Climate 
Change states that they have “very high confidence” that water-borne disease risk will increase 
due to climate change by mid-century (Field et al. 2014).  In this dissertation, we leverage unique 
longitudinal diarrhea surveillance data to improve existing knowledge of hydrometeorology-
diarrhea relationships and to develop novel diarrhea prediction systems in a low-resource region 
of Botswana. Future research must continue to build understanding of the important drivers – 
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both environmental and non-environmental – of diarrhea in hydrometeorological regions to 
inform interventions and prediction systems that will mitigate the impacts of environmental 
change on diarrhea. However, the paucity of available and relevant diarrhea data currently poses 
a significant barrier to undertaking this work. It must be a global priority to invest in longitudinal 
diarrheal surveillance systems that include pathogen-specific data and provide incidence reports 
in near-real-time. These high-quality data, combined with environmental data and increasingly 
sophisticated modeling methodologies, will be invaluable for promoting future reductions in 
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